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This study was designed to investigate the relationships between spectral properties of
cottonwood plantations and defoliation by the cottonwood leaf beetle (CLB), Chrysomela scripta
F., as well as to develop and analyze the spatial structure of CLB and associated defoliation using
geospatial information technology.
Multispectral imagery data from airborne platforms were acquired using three remote sensing
systems: (1) GeoVantage remote sensing system with 450 nm, 550 nm, 650 nm and 850 nm
wavelengths; (2) RDACS (real time digital airborne camera system) with 540 nm, 675 nm, 695
nm and 840 nm wavelengths; and  (3) Kodak DCS420 digital camera with the 500-810 nm
wavelengths (red, green and near infrared). In addition, multispectral and hyperspectral
radiometric data were collected using spectroradiometer.
Analyzing reflectance values for simulated CLB defoliation indicated that the 0% and 25%
defoliation could be differentiated from the 75% defoliation in the near infrared (NIR). Utilizing
normalized difference vegetation index and a simple vegetation index, 0% and 25% defoliation
could also be separated from 50% and 75% defoliation. Reflectance values for natural defoliation
by CLB and various ground covers indicated that NIR was the best indicator for distinguishing
different ground cover types. Heavy feeding by CLB could be detected but light or no feeding
could not be discriminated from each other using these systems mentioned above.
Spectral spatial analysis of a first year rising cottonwood plantation indicated that a wave
(hole-effect) variogram model could be used to describe the spatial structure at omnidirection.
Within the 1.90 - 2.48 m range, there is a significant spatial autocorrelation of reflectance. Spatial
structure of adult and larval populations indicated that spatial dependence varied among dates and
directions. Spherical and Gaussian functions provided the best statistical fit for CLB adult and
larval spatial distributions, which were aggregated.
The signature analysis for hyperspectral data indicated that when comparing the 0%
defoliation to the 25, 50 and 75% defoliation, maximum reflectance differences were found near
294 nm in the ultraviolet, 550 nm in the visible spectrum and 764 nm in the near infrared
spectrum. The highest reflectance sensitivity occurred between 528-557 nm in the visible
spectrum. High sensitivities were also found between 730-740 nm and 930-940 nm in the infrared
spectrum. Bands from 892-894 nm were best for separating various defoliation levels.
This study has first demonstrated the application of remote sensing combined with GPS and
geostatistics to CLB defoliation of cottonwood. The defoliation level of cottonwood can be
detected and assessed using different remote sensing systems. Spatial models can be used to map
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INTRODUCTION
Short-rotation woody crop systems are becoming an effective alternative to traditional forestry
because large amounts of wood for fiber and energy can be produced in a relatively short amount
of time (Graham and Walsh, 1999). Trees in the genus Populus have demonstrated excellent
potential for use in these systems and are highly suitable for short-rotation woody crops because
of their fast growth, high biomass yield, ease of vegetative propagation, regeneration ability, wide
range of end users and well-developed agronomic techniques (Dickmann and Stuart, 1983; Zsuffa
et al., 1996; Reichenbacker et al., 1996; Bauer, 1997; Coyle et al., 2002; Coyle et al., 2003 ).
Populus spp. plantations are a relatively recent development in North America. However, since
Populus plantations are managed much like conventional agricultural systems, in which crops are
of uniform age and size, a number of insect defoliators impact cottonwood potential yield (Baker,
1972; Wilson, 1976; Solomon et al., 1976).
More than 150 species of insects are known to attack cottonwood and hybrid poplar in North
America (Baker, 1972). Approximately 60% of the insects that attack poplar are defoliators and
can reduce potential growth and biomass accumulation through leaf area loss (Wilson, 1976;
Reichenbacker et al., 1996). The major insect pests are the cottonwood leaf beetle (CLB),
Chrysomela scripta F., poplar tent maker, Clostera inclusa (Hubner), cottonwood twig borer,
Gypsonoma haimbachiana (Kearfott), poplar clearwing borer, Paranthrene dollii (Neumoegen),
cottonwood borer, Plectrodera scalator (F.), and poplar borer, Saperda calcarata Say (Baker,
1972; Solomon et al., 1976; Mattson et al., 2001).
Currently, the CLB is the most important pest of Populus plantations in the United States
(Morris et al., 1975; Burkot and Benjamin, 1979; Harrell et al., 1981; Drooz, 1985; Bingaman and
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Hart, 1992). The CLB is capable of 4-6 generations per year, and epizootics occur frequently
(Bingaman and Hart, 1992). CLB has a high reproductive potential where each adult female can
lay 510-823 eggs (Head and Neel, 1973; Caldbeck et al., 1978; Burkot and Benjamin, 1979;
Harrell et al., 1981). Hence, outbreak levels of CLB may be attained quickly under optimal
conditions (Bingaman and Hart, 1992).
The CLB is a defoliator, with both larvae and adults feeding on young leaves and shoots of
Populus. The CLB’s feeding damage can have a variety of effects including tree deformation,
terminal damage and mortality (Burkot and Benjamin, 1979; Harrell et al., 1981, 1982; Bingaman
and Hart, 1992). The defoliation that results from CLB feeding is of greatest concern in one- and
two-year old tree plantations (Calbeck et al., 1978; Bassman et al., 1982; Reichenbacker et al.,
1996; Fang and Hart, 2000; Coyle et al., 2001; Kosola et al., 2001; Coyle et al., 2002). In
nurseries, it has reduced height growth and number of cuttings by 20 to 50% in untreated plots.
Repeated defoliation and terminal-injuring in young plantations can adversely affect tree form and
growth. Therefore, the CLB is considered a major limiting factor in the establishment of
plantations and in economic accumulation of biomass in the first few years of growth (Caldbeck
et al., 1978; Recichenbacker et al., 1996).
Information concerning the distribution of CLB and guidelines for monitoring CLB
population are lacking over large areas. Detection and monitoring systems have not been
developed. Adequate criteria have not been established to determine when and where control
measures should be applied. Hence, an entire field or plantation is treated when infestations are
found. Cost savings and environmental benefits could be achieved if only the infested portion of
the plantation was treated. Thus, there is a need to investigate and quantify the impact of CLB
feeding and to detect the areas infested by this beetle. There is a need to understand and model the
relationship between cottonwood growth patterns and the spatial /temporal distribution of CLB. It
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is crucial for plantation and pest managers to make timely cost-effective pest management
decisions and implement appropriate management tactics.
Recent developments in geospatial information technologies including remote sensing,
geographic information systems (GIS), global positioning systems (GPS) and geostatistics have
opened up new avenues to address critical pest management issues. Remote sensing is defined as
the acquisition of measurements from an object without physical contact between the measuring
device and the object (Lillesand and Kiefer, 1994).  GIS is a collection of computer hardware,
software, and procedures designed to support the compilation, storage, retrieval, analysis, and
display of spatially referenced data that can assist planning and management decisions (Aronoff,
1989; Liebhold et al., 1993). GPS utilizes a network of satellites with ground-based units to
determine specific geographic locations (Strickland et al., 1998).  Geostatistics is a branch of
applied statistics that concentrates on the description of spatial patterns and estimating values at
unsampled locations (Liebhold et al., 1993). These state-of-the-art techniques provide researchers
with new tools to study insect biology / ecology and to evaluate site-specific management tactics
that may ultimately reduce pesticide inputs. These techniques can be used in areas such as
sampling, detecting, and monitoring of insect pest populations (Liebhold et al., 1993). They can
also be used to assess insect damage, control and management (Rossi et al., 1992; Fleischer et al.,
1997). For example, remote sensing may provide a useful, efficient and cost-effective means for
monitoring forest heath (Lachowshi et al., 1992; Royle and Lathorp, 1997, 2002), detecting insect
pests (Carter et al., 1998; Royle and Lathorp, 2002; Franklin and Raske, 1994; Muchoney and
Hacck, 1994; Everitt et al., 1996, 1997a, 1997b) and to examine plant stressing factors such as
water, nutrient deficiencies and plant diseases (Jackson et al., 1986; Strickland et al., 1998;
Everitt et al., 1999; Nutter et al., 2002).
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Studies using remote sensing to detect, quantify and map forest canopy defoliation have
involved a number of insects including spruce budworm (Franklin and Raske, 1994), gypsy moth
(Muchoney and Haack, 1994; Maclean and Mackinnon, 1996), jack pine budworm (Hall et al.,
1998) and hemlock woolly adelgid (Royle and Lathorp, 1997; Royle and Lathorp, 2002), as well
as southern and western pine beetles (Everitt et al., 1997a; Carter et al., 1998).
Geostatistical analysis of insect distribution and abundance and remote sensing are growing
areas of research. Geostatistical analysis has been used effectively to describe insect spatial
distribution and to develop spatial simulation models (Kemp et al, 1989; Schotzko and O'Keeffe,
1989, 1990; Midgarden et al., 1993, 1997; Shi and Li, 1997; Ellsbury et al., 1998; Shi et al., 1998;
Darnell et al., 1999; Schotzko et al., 1999; Blom and Fleischer, 2001; Strother and Steelman,
2001; Blom et al., 2002; Tobin and Pitts, 2002; Wright et al., 2002). Geostatistics has also been
applied to remote sensing since the late 1980’s to explore and describe spatial variation, optimize
spatial sampling and for estimation (Rossi et al., 1994; Curran and Atkinson, 1998; Dungan,
1998; Levesque and King, 1999).
Geostatistics focuses on the detection, modeling and estimation of spatial dependency among
samples (Isaaks and Srivastava, 1989; Legendre and Fortin, 1989; Rossi et al. 1992; Liebhold et
al., 1993). A fundamental theme of geostatistics is the expectation that, on average, samples close
together in time and/or space are more similar than those that are farther apart (Rossi et al., 1992,
1994; Liebhhold et al., 1993). Geostatistics describes the spatial autocorrelation among sample
data for use in spatial models, creating a model of spatially correlated random variables based on
samples, and then estimate values at unsampled locations. Geostatistical techniques were
developed in geology by Daniel Krige in the 1950’s and G. Matheron in the 1960’s (Davis, 1986)
to describe and predict the spatial variation of sample values for mining minerals. Recently
geostatistics has been applied to many areas including ecology, entomology and remote sensing
5
(Schotzko and O'Keeffe, 1989, 1990; Williams et al., 1992; Liebhold et al., 1995; Nestel and
Klein, 1995; Curran and Atkinson, 1998; Ellsbury et al., 1998).
Remote sensing uses the properties of the electromagnetic spectrum to survey and diagnose
various phenomena in the environment.  It is based on the principle that each object reflects or
absorbs radiant energy as electromagnetic waves with specific properties. Thus, the reflectance of
the crop/plant canopy can reveal the state of plant health. Vegetation indices, which are algebraic
combinations of the measured canopy reflectance of different wavelengths (Plant et al., 2000;
Plant et al., 2001), are also potentially useful in determining the condition of plant health. Of the
vegetation indices, the normalized difference vegetation index (NDVI) and simple vegetation
index (SVI) are two that are most commonly used (Tuker, 1979; Wiegand et al. 1991; Thenkabail
et al., 1994a, 1994b, 1994c; Lyon et al., 1998).
Remotely sensed data are usually available in image form as pixel values that provide spatial
data coverage and a data set for the area of the interest. The data can be related to ground data to
determine relationships among the variables of interest such as CLB defoliation levels and
reflectance values. Remote sensing coupled with GIS/GPS and geostatistics offers new tools that
may help in the detection and analysis of insect defoliation. The spectral reflectance measured
with multispectral or hyperspectral spectoradiometer at multiple and narrow wavelength bands
may be used to define characteristics of insect defoliation with analysis of spectral signatures.
Thus, geostatistical methods coupled with imagery data can provide a powerful tool for
characterization, sampling and management of insect pest populations and cropping systems.
Knowledge of relationships between spectral properties of plants and associated stresses is
very important to thoroughly understand the plant canopy biophysical information (plant growth,
health and condition) and associated stressors such as pathogens and insects. Knowledge of spatial
structure of insect distributions, areas attacked, and degree of defoliation are vital to making
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timely cost-effective pest management decisions. Exploring and demonstrating the application of
geospatial technologies is a rapidly expanding area of research, such as detecting, monitoring and
quantifying pests and their associated damage in site specific pest management. Currently, these
topics have not been studied and addressed in cottonwood plantations and other short-rotation
woody crop systems. No information is available on the potential use of remote sensing and
geostatistical techniques in detecting and describing the spatial distribution of CLB defoliation. It
is of importance in providing basic knowledge concerning CLB spatial distribution and degree of
defoliation and spectral properties at the plantation under attack. In this study, geostatistical
methods together with remotely sensed image data and associated ground-based data are utilized
to investigate defoliation of Populus by CLB, to determine spatial distribution of CLB and
associated damage, as well as to describe the spectral characteristics of CLB defoliation levels.
Objectives
The overall objective of this study was to investigate the relationships between spectral
properties of cottonwood plantations and CLB defoliation as well as to develop and analyze the
spatial structure of CLB and associated defoliation using remote sensing and geostatistical
techniques. Specific objectives addressed by this study are as follows:
1) To assess the use of GeoVantage remote sensing system with spectral bands centered at 450 ±
10 nm (blue), 550 ± 10 nm (green), 650 ± 10 nm (red), and 850 ± 10 nm (near infrared, NIR)
for discriminating between cottonwood trees, simulated CLB defoliation rates and background
types.
2) To evaluate the potential use of a Kodak DCS420 high resolution color infrared (CIR) digital
camera for detecting CLB defoliation and discriminating other major features such as trees
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from other types of ground cover in a first and second year rising cottonwood plantation. To
describe the spatial structure of spectral reflectance within these plantations.
3) To determine if ITD RDACS (real time digital camera system) multispectral imagery can be
used to detect, characterize, and map defoliation and spatial patterns over large areas. To
examine the relationships among reflectance bands, normalized difference vegetation index
(NDVI) and a simple vegetation index (SVI) using handheld multispectral radiometer data.
4) To determine the spectral spatial structure of reflectance in a first year raising cottonwood
plantation based on remotely sensed data. To characterize the spatial distribution of CLB and
associated damaging rates using geostatistical techniques based on ground surveyed data.
5) To describe the specific spectral characteristics of cottonwood trees with various simulated
CLB defoliation levels using handheld hyperspectral radiometer data. To determine
wavelengths at which reflectance is most responsive to different levels of defoliation by CLB.
Also to find wavelengths where reflectance can be employed to distinguish cottonwood trees
with different levels of defoliation.
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CHAPTER I
UTILIZING AIRBORNE REMOTE SENSING TO DETECT
 SIMULATED COTTONWOOD LEAF BEETLE,
CHRYSOMELA SCRIPTA F., DAMAGE 1
ABSTRACT
1. The cottonwood leaf beetle (CLB), Chrysomela scripta F., is a serious defoliator of
poplar (Populus spp.) in the United States and Canada and can reduce photosynthetic
area, tree height, and cause tree mortality. A high-resolution airborne GeoVantage
remote sensing system was used to detect simulated CLB defoliation in a cottonwood
plantation near Sidon, Mississippi in the 450 ± 10 nm (blue), 550 ± 10 nm (green), 650
± 10 nm (red), and 850 ± 10 nm (near infrared, NIR) wavelengths.
2. A split-plot experimental design with two background treatments (cut-grass and uncut-
grass) as main plots and four simulated defoliation rate treatments (0%, 25%, 50% and
75%) as subplots was used to observe spectral properties and evaluate detection
capabilities.
3. Reflectance values were represented by digital numbers extracted from images
associated with defoliation and background treatments, along with various ground
covers (bare soil, grass and intact tree canopies). We analyzed and evaluated these
                                                          
1 Prepared in style and format for Agricultural and Forest Entomology
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values and their derived vegetation indices (normalized difference vegetation index --
NDVI and simple vegetation index -- SVI).
4. There were significant reflectance differences (P = 0.05) between uncut-grass and cut-
grass backgrounds in all four wavelengths. Vegetation indices differed significantly (P =
0.05) between uncut-grass and cut-grass background. In NIR and for NDVI and SVI
there were no significant interactions between background-  and defoliation-treatments.
Significant interactions between background- and defoliation- treatments existed in the
three visible wavelengths. The magnitude of reflectance difference in the NIR and the
magnitude of difference in vegetation indices, between simulated defoliation rates, did
not depend on background.
5. NIR, NDVI and SVI were best indictors for detecting defoliation rates. The 0% and
25% defoliation could be differentiated from the 75% defoliation treatments in the NIR.
Utilizing NDVI and SVI vegetation indices, the 0% and 25% defoliation could be
separated from the 50% and 75% defoliation rates. Only the 0% defoliation could be
separated from other defoliation rates within uncut-grass background using reflectance
in the three visible wavelengths. Four defoliation rates could not differentiated within
cut-grass background using the three visible wavelengths.
6. Reflectance values significantly differed for all four bands and vegetation indices when
comparing cut-grass and uncut-grass treatments for background. The reflectance in the
three visible wavelengths was significantly higher in the cut-grass background than in
the uncut-grass background. Compared to the visible wavelengths, NIR and vegetation
indices (NDVI and SVI) are better for separating ground cover types: trees, grass and
bare soil.
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INTRODUCTION
The cottonwood leaf beetle (CLB), Chrysomela scripta F., is a serious defoliator of
cottonwood (Populus) in the United States and Canada. Cottonwood leaf beetle has a significant
economic impact on this short-rotation woody crop system (Burkot and Benjamin, 1979;  Harrell
et al., 1981; Drooz, 1985). Both adults and larvae damage cottonwood by feeding on young leaves
and shoots (Burkot and Benjamin, 1979; Harrell et al., 1982; Bingaman and Hart, 1992). Heavy
feeding can result in terminal dieback, growth reduction, and mortality in young stands (Calbeck
et al., 1978; Bassman et al., 1982; Reichenbacker et al., 1996; Fang and Hart, 2000; Coyle et al.,
2001; Kosola et al., 2001).
Remote sensing has been found useful in detection, monitoring and evaluation of forest
defoliation (Franklin and Raske, 1994; Muchoney and Haack, 1994; Everitt et al., 1996, 1997a,
1997b; Carter et al., 1998; Royle and Lathorp, 2002), and plant stressing factors (Jackson et al.,
1986; Strickland et al., 1998; Everitt et al., 1999; Nutter et al., 2002). Remote sensing uses
properties of the electromagnetic spectrum to diagnose various phenomena in the environment.  It
is based on the principle that each object reflects or absorbs radiant energy as electromagnetic
waves with specific properties. Thus the reflectance of the crop/plant canopy can reveal the
condition of plant health and vegetative properties. Mulitspectral data from the visible and near
infrared range of the electromagnetic spectrum can be used in vegetation indices, which are
algebraic combinations of the measured canopy reflectance of different wavelength bands (Plant
et al., 2000; Plant et al., 2001). Of the vegetation indices, normalized difference vegetation index
(NDVI) and simple vegetation index (SVI), are two the most commonly used (Tucker, 1979;
Wiegand et al. 1991; Thenkabail et al., 1994a, 1994b, 1994c; Lyon et al., 1998).
Remote sensing detection and monitoring systems for CLB defoliation have not been
developed. Accurate determination of areas involved and degree of defoliation by the CLB could
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aid in the management of this defoliator, especially when surveying large areas is required. The
aerial imagery and derived information would provide managers with a useful tool in attempting
to limit the damage by this defoliator.
In this study, high-resolution aerial images of a cottonwood plantation were acquired using a
GeoVantage remote sensing system (GeoVantage Inc., Swampscott, MA) to obtain imagery of
simulated CLB defoliation. The objectives were to evaluate the use of spectral bands centered at
450 ± 10 nm (blue), 550 ± 10 nm (green), 650 ± 10 nm (red), and 850 ± 10 nm (near infrared,
NIR) for discriminating ground cover types and simulated CLB defoliation rates. This study was
designed to test two hypotheses: (1) reflectance values at the visible and NIR wavelengths will
differ among simulated defoliation rates of cottonwood with different backgrounds using
multispectral imagery, and (2) vegetation indices (NDVI and SVI) will differ among defoliation
rate treatments.
MATERIALS AND METHODS
Study Site and Experimental Design
A Populus plantation in Leflore County near Sidon, Mississippi was selected for this study in
2002. The plantation was established on a 2.74 m × 2.74 m spacing in 1999. Six (4 × 4 trees) plots
were randomly established for treatments on July 3, 2002. White sheets, ~1 m2, were placed in the
center of each plot as reference points. Four defoliation rates were applied to trees in a pattern
designed to simulate CLB damage by removing or partially removing leaf plastochron index (LPI)
0-10 leaves. LPI is used as a reference to the physiological leaf age (Larson and Isebrands, 1971;
Reichenbacker et al., 1996).  A leaf with a lamina length of 3 cm is LPI 0 (Bingaman and Hart,
1992). The leaves below LPI 0 are referred to as LPI 1, LPI 2, LPI 3 and so forth.
13
Defoliation rates of 0%, 25%, 50% and 75% were used. The 25% defoliation rate was
accomplished by removing the LPI 1-10 from the top quarter of the tree with the defoliation
instrument. The 50% defoliation rate was accomplished by removing the LPI 1-10’s in the top
half of the tree. In like manner, the 75% treatment was applied to the top three-quarter of the tree
canopy as for the 25% treatment. The 0% treatment represented the controls.
Defoliation took place on July 23, 2002, and a re-defoliation on August 6, 2002. Trees were
defoliated with a device that consisted of a 1.22 m PVC pole (diameter 6.0 cm) with 4 segments
of rubber clothesline (diameter 0.8 cm) 0.301-0.41 m long attached to one end of the PVC. Treble
hooks 8.0 cm long with barbed ends cut off were then attached to the end of each clothesline. The
swinging of the defoliator caused tearing and removal of the LPI 0-10 leaves in the upper crown
area with some terminal damage that was similar to that caused by the CLB.
A split-plot experimental design was used to evaluate the impact of background and
defoliation on reflectance. On July 15, 2002 grasses and weeds under the trees in three randomly
selected plots were cut and later sprayed with herbcide to prevent re-growth (hereafter referred as
the cut-grass background treatment). Grass was not cut nor weeds sprayed on three additional
plots that were randomly selected (hereafter referred to as the uncut-grass background treatment).
Each plot was then further divided into four 4-tree subplots. Each subplot within a plot was
randomly assigned to one of four defoliation rates. This resulted in a split-plot design in which the
main plot factor was the background treatment with two levels (uncut-grass and cut-grass) and the
subplot factor was the simulated defoliation treatment with four levels (0%, 25%, 50 % and 75%
defoliation). One additional 3 × 3 tree plot (only had 5 trees since there were missing trees) was
established where everything was removed except the trees to the bare soil (hereafter referred to
as the control plot) to investigate and compare reflectance value for different ground cover types.
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Airborne Image Acquisition and Processing
High-resolution color infrared (CIR) images were acquired by contracting with GeoData
Airborne Mapping & Measurement, Inc. (Weir, MS 39772) to fly over our experimental plots
using a GeoVantage Digital Camera System (Geoscaner). Geoscanner includes four discrete
monochrome digital cameras with optical filters used to collect the desired four imagery bands.
The cameras were mounted into a lightweight housing that included the Inertial Measurement
Unit (IMU) for sensing the precise acceleration and rotations rates of the camera axes. The IMU
sensor, coupled with a top-mounted GPS antenna, enables the determination of the geodetic
attitude and position of the camera axes at camera trigger times. The active charge-coupled device
(CCD) array for each camera was comprised of 1392 pixels in the x dimension and 1040 pixels in
the y dimension. Spectral bandpass filters were used with sharp bandpass cutoff. Precision
bandpass to the CCDs was determined by the interference filters.
On August 5, 2002, the flight with Geoscanner system was flown at the altitude of 1220 m
above ground level (AGL) over the experimental plots. The photography of flight began at 2:27
pm and ended at 2:29 pm. Approximate ground coverage of a single image was 610 by 463 m.
The ground area represented by each pixel was approximately 0.5 m × 0.5 m. Images were
processed using Leica ERDAS Imagine 8.5 (ERDAS Atlanta, GA). All images were registered
and geo-referenced to the Universal Transverse Mercator (UTM) grid system, zone 15.
Image Sampling Methods
Reflectance values of individual tree canopies centered in bands at 450 nm, 550 nm, 650 nm,
and 850 nm (denoted by B450, G550, R650 and NIR850, respectively) were evaluated for
capability of detecting the various degrees of simulated defoliation. For each plot, pixel
reflectance values (digital number, DN) were obtained using ERDAS Imagine for each tree in
each subplot. Depending on the size of the canopy, either a 9-pixel (3 × 3) or 16-pixel (4 × 4) area
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was located in the center of each canopy. The pixel values for the area were extracted and
averaged for each tree. Average values for 4 trees in each subplot was computed and represented
the reflectance for each defoliation rate. Average pixel values were recorded for all spectral bands
and used to compute two vegetation indices NDVI and SVI as follows: NDVI=(NIR850-R650)/
(NIR850 +R650) and SVI=NIR850/R650.
To investigate the reflectance difference for different ground cover types, reflectance values
of bare soil, trees in the control plot and uncut-grass plots, and two dominant grass species
(Andropogon spp. and Aster spp.) were also obtained from the imagery. Depending on target size,
either 16-pixel (4 × 4) or 25-pixel (5 × 5) area was sampled for tree or cover type.  Five sample
replications were obtained for trees and ground cover types. An average for pixel values was
calculated to represent the reflectance value for tree and cover types. Data were analyzed using
PROC GLM (SAS Institute Inc, 2000). Means were compared using Fisher’s Least Significant
Difference (LSD) multiple comparison (P = 0.05).
RESULTS
There was no significant interaction between the background (cut-grass and uncut-grass) and
defoliation treatments (F = 1.02; d.f. = 3, 12; P = 0.4201; Table 1a) in NIR wavelength (850 nm)
with respect to reflectance of cottonwood tree. However there was a significant difference in
reflectance between cut-grass and uncut-grass backgrounds (F = 14.13; d.f. = 1, 4; P = 0.0198;
Table 1a).  Also the LSD comparison test indicated that the effect on reflectance of cottonwood in
NIR was significantly higher in the uncut-grass background than in the cut-grass background at
the 0.05 significance level.
Since there was no interaction between background treatment and defoliation treatment in
NIR, we pooled the defoliation rates across cut-grass and uncut-grass treatments to compare
16
difference among defoliation rates. Among the 4 simulated CLB defoliation rate treatments
reflectance in the NIR differed significantly (F = 4.93; d.f. = 3, 12; P = 0.0186). The 25%
defoliation rate had the highest reflectance and the 75% rate the lowest (Fig. 1A). Reflectance for
the 0% and 25% treatments were significantly higher than the 75% treatment. But there were no
differences between 0% and 25%, 0% and 50%, or 50% and 75% defoliation rates (P = 0.05;
Fig.1A).
For reflectance of cottonwood in the visible red wavelength (650 nm), there was a significant
interaction (F = 8.05; d.f. = 3, 12; P = 0.0033; Table 1b) between defoliation rate and background
(cut-grass and uncut-grass) treatments. It suggests that the magnitude of the reflectance difference
between defoliation rates in the red wavelength depends on the background treatment (cut-grass
and uncut-grass). There was different reflectance of cottonwood between cut-grass and uncut-
grass background (F = 24.32; d.f. = 1, 4; P = 0.0079; Table 1b). Reflectance was significantly
higher (P = 0.05) in the cut-grass plots than in the uncut-grass plots.
For the red wavelength, within the cut-grass plots no significant differences (F = 1.57; d.f. =
3, 8; P = 0.2707) were observed among the four defoliation treatments, whereas in the uncut-grass
treatment there were differences (F = 5.46; d.f. = 3, 8; P = 0.0245). The mean reflectance value of
the 0% defoliation treatment was significantly lower than the 25% and 50% defoliation treatments
within the uncut-grass plots (P = 0.05; Fig. 1B). But there was not reflectance difference between
the 0% defoliation and the 75% defoliation treatment. This is because understory influences the
reflectance. After tree 75% defoliation, grass understory of the tree had more contribution to
reflectance.
In the visible green wavelength (550 nm) the interaction between background and defoliation
rates were highly significant (F = 9.67; d.f. = 3, 12; P = 0.0016; Table 1c). Overall reflectance of
trees was significantly different between in the cut-grass plots and the uncut-grass plots (F =
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11.02; d.f. = 1, 4; P = 0.029; Table 1c). Reflectance was significantly higher in the cut-grass plots
than in the uncut plots (P = 0.05).
For the green wavelength, within the cut-grass plots the overall F-test indicated no difference
in reflectance for the defoliation rates (F = 2.82; d.f. = 3, 8; P = 0.1071). Whereas there were
differences (F = 11.75; d.f. = 3, 8; P = 0.0027) among the defoliation rates within the uncut-grass
treatment. The mean reflectance for the 0% and 75% treatment were significantly lower than the
25% and 50% treatment within the uncut-grass treatment (P = 0.05; Fig. 1C).
There was a interaction (F = 8.00; d.f. = 3, 12; P = 0.0034; Table 1d) between background and
defoliation rates for blue reflectance of cottonwood in the visible blue wavelength (450 nm). The
effect of background on tree reflectance was significantly higher (F = 21.57; d.f. = 1, 4; P =
0.0097) in the cut-grass plots than the uncut-grass plots. Within the cut-grass plots reflectance of
defoliation rates were not different (F =2.04; d.f.= 3, 8; P = 0.1866). There were differences
among the defoliation rates (F = 4.87; d.f. = 3, 8; P = 0.0326) within the uncut-grass plots. The
mean reflectance value for the 0% defoliation treatment was significantly lower than the 25% and
50% treatments (P = 0.05; Fig. 1D).
There were no interaction between background and defoliation rates for both NDVI (F = 2.40;
d.f. = 3, 12; P = 0.1185; Table 2a) and SVI (F = 2.02; d.f. = 3, 12; P = 0.1643; Table 2b). For
background treatments, NDVI (F = 35.99; d.f .= 1, 4; P = 0.0039; Table 2a) and SVI (F = 38.75;
d.f .= 1, 4; P = 0.0034; Table 2b) were different between the cut-grass and uncut-grass treatments.
Vegetation indices were significantly higher  (P = 0.05) in the uncut-grass plots than in the cut-
grass plots. Both NDVI (F = 8.83; d.f. = 3, 12; P = 0.0023) and SVI (F = 8.16; d.f. = 3; P =
0.0031) differed with respect to simulated defoliation rates. The 0% rate had the highest NDVI
and SVI, followed by the 25%, 50% and 75% treatments. There were no differences in vegetation
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indices NDVI and SVI for the 0% and 25% treatments, and for the 50% and 75% treatments (P =
0.05).
The reflectance data of ground cover types from the images based on a completely
randomized experimental design. ANOVA was conducted using SAS PROC GLM (SAS Institute
Inc, 2000). There were significant differences (d.f. = 4, 20; P < 0.0001) among the ground cover
types for all four wavelengths and vegetation indices. Mean reflectance of ground cover types for
all four bands and associated vegetation indices (NDVI and SVI) are presented in Table 3. All
cover types were different in NIR reflectance. Grass-1 (Andropogon spp.) had the highest
reflectance value, followed by trees in the control plot, trees in the uncut-grass plots, Grass-2
(Aster spp.), and the bare soil. In both the red and blue wavelengths, there were no difference in
reflectance with Andropogon spp. and trees in the control plot.  For other cover types they were
different from each other in reflectance at both red and blue wavelengths. Bare soil was the
highest, followed by trees in the uncut-grass plots and Aster spp.
For the green wavelength, bare soil had the highest reflectance and significantly differed from
Andropogon spp., trees in the uncut-grass plots, Aster spp. and trees in the control plot.
Reflectance differences among trees in the uncut-grass plots, Aster spp. and trees in the control
plot were not significant.  NDVI and SVI were different among all cover types. Andropogon spp.
had the highest NDVI and SVI, followed by the trees in the control plot, Aster spp., trees in the
uncut-grass plots, and bare soil (Table 3).
DISCUSSION AND CONCLUSIONS
We have demonstrated that 0% and 25% defoliation could be statistically differentiated from
50% and 75% defoliation via vegetation indices. Using the reflectance in NIR, 0% and 25%
defoliation could be separated from 75% defoliation. For NIR and vegetation indices, there were
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no significant interactions between background and defoliation treatments. Therefore the
magnitude of the reflectance differences in the NIR and the magnitude of difference in vegetation
index values, between simulated defoliation rates, did not depend on background. The NIR and
vegetation indices NDVI and SVI are better indictors for separating rates of defoliation than the
visible bands. These results are consistent with our findings concerning natural defoliation by the
CLB on Togo Island, Mississippi (unpublished materials) in that heavy feeding by CLB could be
differentiated from light feeding using NIR reflectance.
In addition, reflectance values significantly differed for all 4 bands and vegetation indices
when comparing cut-grass and uncut-grass treatments. The reflectance in the three visible
wavelengths was significantly higher in the cut-grass than in the uncut-grass treatments. There
were significant interactions between background and simulated defoliation treatments for
reflectance in the three visible wavelengths (red, green and blue). The magnitude of the
reflectance difference at the visible wavelengths for defoliation rates depended on the cut-grass
and uncut-grass treatments. The understory of tree canpany influences the reflectance. Within the
uncut treatment, there were reflectance differences among defoliation rates for the three visible
wavelengths, whereas in the cut-grass treatment there were no differences in reflectance for the
visible wavelengths. Reflectances for the 0% and 75% defoliation in the visible wavelengths were
significantly lower than those for the 25% and 50% treatment within the uncut-grass plots.
Numerous studies have discussed the value of remote sensing to detect, monitor and evaluate
the impact of insect pests on the forest (Franklin and Raske, 1994; Muchoney and Hacck, 1994;
Everitt et al., 1996, 1997a, 1997b; Carter et al., 1998; Royle and Lathorp, 2002). However few
have investigated infestation and/or defoliation degrees caused by insects. Carter et al. (1998)
evaluated the use of narrow spectral band imagery centered at 675 nm, 698 nm, and 840 nm to
detect southern pine beetle (Dendroctonus frontalis Zimmermann) infestations. He concluded that
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NDVI based on 675 nm (red band) and 840 nm (NIR band) reflectance could produce the
strongest contrasts between infested and uninfected trees. Our results suggest that NDVI based on
the NIR (850 nm) and red (650 nm) band could be used to separate defoliation rates of >50% by
the CLB and as well as defoliation rates of ≤50% defoliation. These are similar to those Carter et
al. suggested (1998) in that NDVI based on NIR and red wavelengths could separate infested pine
trees and uninfested trees, which is also in agreement with our finding of natural defoliation (Shi
and Nebeker 2001, unpublished materials). NIR and the vegetation indices (NDVI and SVI) are
better at separating cover types than the visible wavelengths.
 Although the simulated defoliation studies presented here attempt to simulate what happens
naturally, the physical and chemical changes may not be the same as natural defoliation. The
reflectance properties may be different, hence additional studies are required concerning natural
defoliation.
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Table 1 General linear model of variance for reflectance in: (a) NIR wavelength (850 nm), (b)
visible red wavelength (650 nm), (c) visible green wavelength (550 nm) and (d) visible blue
wavelength (450 nm).
Variation Source d.f.    SS     MS F P
a. Band 850 nm
    Main-Plot (A): cut/uncut 1 563.1240603 563.1240603 14.13 0.0198
    Error (main-plot) 4 159.4601278 39.8650319
    Sub-Plot (B) : defoliation 3 128.7869879 42.9289960 4.93 0.0186
    Interaction (A×B) 3 26.5264817 8.8421606 1.02 0.4201
    Error 12 104.5338569 8.7111547
    Total 23 982.4315145
b. Band 650 nm
    Main plot (A): cut/uncut 1 6142.214944 6142.214944 24.32 0.0079
    Error (main-plot) 4 1010.253695 252.563424
    Sub-Plot (B) : defoliation 3 365.969521 121.989840 6.37 0.0079
    Interaction (A×B) 3 462.417720 154.139240 8.05 0.0033
    Error 12 229.879462 19.156622
    Total 23 8210.735343
c. Band 550 nm
    Main plot (A): cut/uncut 1 481.3984440 481.3984440 11.02 0.0294
    Error (main-plot) 4 174.7164169 43.6791042
    Sub-Plot (B) : defoliation 3 164.1949841 54.7316614 9.93 0.0014
    Interaction (A×B) 3 159.8800057 53.2933352 9.67 0.0016
    Error 12 66.1415520 5.5117960
    Total 23 1046.3314030
d. Band 450 nm
    Main plot (A): cut/uncut 1 1555.267454 1555.267454 21.57 0.0097
    Error (main-plot) 4 288.434182 72.108545
    Sub-Plot (B) : defoliation 3 177.257594 59.085865 13.55 0.0004
    Interaction (A×B) 3 104.589355 34.863118 8.00 0.0034
    Error 12 52.312965 4.359414
    Total 23 2177.861550
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Table 2  General linear model of variance for  normalized difference vegetation index, NDVI (a),
and simple vegetation index, SVI (b). Note: NDVI = (reflectance at band 850 nm − reflectance at
band 650 nm) / (reflectance at band 850 nm + reflectance at band 650 nm) and SVI = (reflectance
at band 850 nm / reflectance at band 650 nm).
Variation Source d.f.    SS    MS    F    P
a. NDVI
    Main plot (A): cut/uncut 1 0.14405023 0.14405023 35.99 0.0039
    Error (main-plot) 4 0.01600944 0.00400236
    Sub-Plot (B) : defoliation 3 0.01180151 0.00393384 8.83 0.0023
    Interaction (A×B) 3 0.00321179 0.00107060 2.40 0.1185
    Error 12 0.00534760 0.00044563
    Total 23 0.18042057
b. SVI
    Main plot (A): cut/uncut 1 0.35980250 0.35980250 38.75 0.0034
    Error (main-plot) 4 0.03713912 0.00928478
    Sub-Plot (B) : defoliation 3 0.02967004 0.00989001 8.16 0.0031
    Interaction (A×B) 3 0.00736138 0.00245379 2.02 0.1643
    Error 12 0.01454550 0.00121212
    Total 23 0.44851854
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Table 3  Mean (± SE) reflectance values of ground cover types for all four bands extracted from
images taken on August 5, 2002 near Sidon, Mississippi,  and associated mean values (± SE) of
vegetation indices NDVI and SVI. Means with the same letter are not significantly different at P












































































*   Andropogon spp.
** Aster spp.
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Figure 1.  Mean (± SE) reflectance values for four defoliation rates with cut- and uncut-grass
treatments (n = 12) in (A) NIR wavelength (850 nm) for pooled data across the cut- and uncut-
grass treatments; (B) visible red wavelength (650 nm); (C) visible green wavelength (550 nm);
and (D) visible blue wavelength (450 nm). Means with the same letter are not significantly













































































































ASSESSING SPECTRAL SPATIAL PATTERNS OF A COTTONWOOD
PLANTATION  AND  DEFOLIATION  OF  COTTONWOOD LEAF
BEETLE, CHRYSOMELA SCRIPTA F., FEEDING
WITH DIGITAL AERIAL IMAGERY 1
ABSTRACT
The cottonwood leaf beetle, Chrysomela scripta F., is a serious defoliator of poplar (Populus
spp.) in North America. High-resolution images taken with a Kodak DCS CIR 420 digital camera
were used to assess the degree of natural defoliation caused by C. scripta in a cottonwood
plantation on Togo Island, MS. Imagery data was acquired at an altitude of 610 m above ground
level on August 2 and October 19, 2001 in the 500-810 nm wavelengths (visible green, visible red
and near-infrared bands). Several image enhancement techniques and geostatistical methods were
used. Principal component analysis revealed that the first two principal component bands
explained 99.8% and 99.2% of the spectral variance in the August and October images,
respectively. A wave (hole-effect) variogram model, with both regular and robust fitting methods,
was used to describe reflectance spatial structure in a two dimensional space. There was spatial
dependence (autocorrelation) in reflectance within the distance1.90-2.48 m, being approximately
equal to the average diameter of cottonwood canopies. Of the three bands the NIR band was best
                                                          
1  Prepared in style and format for Environmental Entomology
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for distinguishing various ground cover types. A normalized difference vegetation index and a
simple vegetation index were useful in discriminating between ground cover types. The red and
green bands could be used to separate grass and trees. Reflectance values differed significantly
between heavy feeding (defoliation >50%) by C. scripta and light feeding (defoliation <50%) for
all three wavelengths. Heavy defoliation by C. scripta can be detected and assessed, but light
defoliation was difficult to detect with this imaging system.
KEY WORDS   aerial imagery, cottonwood leaf beetle, Chrysomela scripta , natural defoliation,
cottonwood plantation, Populus, principal component analysis, geostatistics
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INTRODUCTION
Short-rotation woody crops are a relatively recent development in North America. Populus
species are capable of significant increases in yearly growth, ease of establishment and
regeneration; these traits make Populus desirable for use in short-rotation woody crop systems
(Dickmann, 1975; Dickmann and Stuart, 1983; Reichenbacker et al., 1996; Coyle et al., 2002;
Coyle et al., 2003). Populus, however, is susceptible to a number of insect pests including the
cottonwood leaf beetle (CLB), Chrysomela scripta F., poplar tent maker, Clostera inclusa
(Hubner), cottonwood twig borer, Gypsonoma haimbachiana (Kft.), poplar clearwing borer,
Paranthrene dollii (Neum.), cottonwood borer, Plectrodera scalator (F.), and the poplar borer,
Saperda calcarata Say (Baker, 1972; Solomon et al., 1976; Mattson et al., 2001).
Currently, the CLB is the most important pest of young Populus plantations in the United
States (Morris et al., 1975; Burkot and Benjamin, 1979; Harrell et al., 1981; Drooz, 1985;
Bingaman and Hart, 1992). The CLB is a defoliator, whose larval and adult stages feed on young
leaves and shoots of Populus. Feeding damage can have a variety of effects including tree
deformation, terminal damage and mortality (Burkot and Benjamin, 1979; Harrell et al., 1981,
1982; Bingaman and Hart, 1992). The defoliation that results from CLB feeding is of greatest
concern in one- and two-year old plantings by potentially limiting growth and the accumulation of
biomass (Calbeck et al., 1978; Bassman et al., 1982; Reichenbacker et al., 1996; Fang and Hart,
2000; Coyle et al., 2001; Kosola et al., 2001; Coyle et al., 2002). Accurate and precise assessment
of CLB damage and an understanding of cottonwood growth patterns are crucial for cottonwood
plantation growers and pest managers in making timely cost-effective pest management decisions.
However, detection and monitoring systems for CLB have not been adequately developed. Thus,
there is a need to investigate a range of defoliation levels.
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Remote sensing may be helpful in evaluating CLB defoliation levels and the areas involved.
Remote sensing is defined as the acquisition of measurements obtained from an object without
physical contact between the measuring device and the object (Lillesand and Kiefer, 1994). It may
provide a useful, efficient and cost-effective means for monitoring forest health (Lachowshi et al.,
1992; Royle and Lathorp, 1997, 2002) and for detecting insect pests (Franklin and Raske, 1994;
Muchoney and Hacck, 1994; Everitt et al., 1996, 1997a, 1997b; Carter et al., 1998; Royle and
Lathorp, 2002) as well as plant stressing factors such as water, nutrient deficiencies and plant
diseases (Jackson et al., 1986; Strickland et al., 1998; Everitt et al., 1999; Nutter et al., 2002).
Previous studies using remote sensing to detect, quantify and map forest canopy defoliation
involved a number of insect pests including spruce budworm (Franklin and Raske, 1994), gypsy
moth (Muchoney and Haack, 1994; Maclean and Mackinnon, 1996), jack pine budworm (Hall et
al., 1998) and hemlock woolly adelgid (Royle and Lathorp, 1997, 2002). However, little
information is available on the potential of using remote sensing techniques for detecting
defoliation by CLB and describing the associated spectral pattern of cottonwood plantations.
It is our hypothesis that reflectance values of a young cottonwood plantation, derived from
aerial images, will be useful in evaluating natural defoliation levels (degrees) caused by CLB and
in describing the associated spectral spatial pattern of the cottonwood plantation under attack. The
specific objectives of this study were to: (1) describe the spatial structure of spectral reflectance
within a cottonwood plantation, (2) discriminate between trees defoliated by CLB from non-
defoliated trees and various ground cover types, and (3) investigate degrees of defoliation caused
by the CLB in a first year rising cottonwood plantation.
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MATERIALS AND METHODS
Study Site and Experimental Design.  A first year rising Populus plantation on Togo Island,
south of Vicksburg, MS was selected for study. The plantation was established on a 3.66 m by
3.66 m (12 x 12 ft) spacing in 2001. Eight (4 x 4 trees) plots were established within the
plantation. Single square white sheets  (~ 1 m2) were placed near each plot as reference points.
The GPS location of each plot, white sheet, individual tree within plots and additional fixed points
were determined using a CMT MC-GPS unit (Corvallis Microtechnology, Inc., Corvallis, OR).
The GPS coordinates were used to geo-reference images. Trees on Togo Island were being
naturally defoliated by a CLB population.
Ground Survey. Sampling surveys were conducted on each flying date. On each date trees in
each plot were rated as to degree of defoliation. The defoliation rating scale was only applied to
the leaf plastochron index (LPI) 0-10 leaves. The leaf plastochron index (LPI) has been described
by Erickson and Michelini (1957), Larson and Isebrands (1971), and Ceulemans (1990) when a
leaf blade length of 3 cm = LPI 0 (Bingaman and Hart, 1992) and the leaf below is LPI 1, LPI 2,
etc.  The rating scale as presented by Bingaman and Hart (1992) was followed in this study: 0 =
no feeding on LPI 1-10, 0% defoliation; 1 = light feeding, sample feeding 1-25% on LPI 1-10
missing; 2 = light to moderate feeding, 25-50% of LPI 1-10 missing; 3 = moderate to heavy
feeding, 50-75% of LPI1-10 missing, main leader intact; and 4 = heavy feeding, >75% of LPI 1-
10 missing, main leader and terminal bud heavily damaged or destroyed. The types of ground
covers, including bare soil, grass, cottonwood tree and reference points (white sheets), were also
recorded.
Image Acquisition.  A Kodak DCS420 high-resolution color infrared (CIR) digital camera
was used for image acquisition. The camera was equipped with a color infrared filter (650BP300)
and collected imagery in the 500-810 nm (green, red and near infrared wavelengths) range.  The
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camera was mounted in a light aircraft provided by the Mississippi Forestry Commission and
flown by a commission pilot at an altitude of 610 m (2000 ft) above ground level (AGL). The
spatial resolution of images taken at this altitude was 0.132 m per pixel. Images were taken at
solar noon on August 2 and October 19, 2001.
Image Processing and Analysis. Images were processed using Leica ERDAS IMAGINE 8.5
(ERDAS Inc., Atlanta, GA, 2001). All images were registered and geo-referenced to the Universal
Transverse Mercator (UTM) grid, zone 15, with less than 0.5 pixel RMS error using GPS-
obtained coordinates of reference and fixed points in the field and a second-order polynomial
transformation.  Values for spectral characteristics, i.e. green, red and near infrared bands,
represent integer data for relative light reflectance at those bands on a scale from 1 to 256 (known
as digital numbers, DN or pixel value). The registered images were mosaiced and subset into 498
rows by 1792 columns  (hereafter referred to as subset-image) to show the experimental plots. To
reduce contrast in the high-resolution image between trees and associated shadows and
background, a low-pass filter (moving average) was used to spatially average data over a 5 × 5
pixel window across the scene. The filter techniques provided spatial averaging across 0.65
meters increments in the subset-image. The filtered image was then degraded to a reduced image
of 99 rows by 358 columns.
Principal component analysis (PCA) (Rao, 1964; Webster and Oliver, 1990) was used to
examine spectral pattern changes over time. Principal component bands of a subset-image were
calculated based on the covariance matrix providing PCA-transferred images from the images
taken on August 2, 2001 and October 19, 2001. A composite image for the reduced image was
rendered using PCA since a separate spatial analysis for each band would be redundant. The PCA
was employed in the reduced images for the two dates. The first principal component PCA image
(PC1-transferred image) for the reduced image was used to extract spectral pixel values. Every
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third pixel (up to 3658 data points, a 10 percent sample) was then extracted from the PC1-
transferred image (omitting some rows and columns at the image edge) and converted to ASCII
format for importing to a spreadsheet. The spatial structure of reflectance values in the first year
rising cottonwood plantation was described by fitting spatially dependent models (variograms)
using geostatistical methods (Isaaks and Srivastava, 1989; Cressie, 1993; Liebhold et al., 1993;
Rossi et al., 1992, 1994; Curran and Atkinson, 1998).
To examine and determine reflectance value differences among damage levels and various
ground covers, the spectral measurements (represented by digital number from images) for pixels
of interest were extracted from the image for further statistical analysis. This was done using geo-
referenced images taken on August 2, 2001. The spectral reflectance values of each pixel
corresponding to each tree within the experimental plots for two visible wavelengths (green and
red) and near infrared (NIR) were extracted from the geo-referenced subset-image. A 36- to 64-
pixel area located in the center portion of a tree canopy was selected according to a tree canopy
size. Values were extracted from these pixels and averaged for a single value, representing the
reflectance of a tree.  Next, the reflectance values for various ground cover types (including
cottonwood trees, grasses, bare soil and white sheets) were extracted for each band from the geo-
referenced subset image. The extracted pixel values were recorded for all three spectral bands as
well as for computing vegetation indices, i.e., normalized difference vegetation index (NDVI) and
simple vegetation index (SVI). The two indices were derived using the extracted digital number
and calculated as follows: NDVI = (NIR-red)/(NIR + red) and SVI = NIR/red.
Geostatistical Methods. A variogram plots a sample semivariance (estimated as one half of
the average squared difference between data values at the same separation distance) against
distance between sample pairs for all possible separation distances. The variogram is computed as
(Isaaks and Srivastava, 1989; Liebhold et al., 1993; Rossi et al., 1992, 1994):
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where  is the estimated variogram value for lag h, N(h) is the number of pairs of points
separated by distance h, z(xi) and z(xi+h) are the values of a variable at location xi and (xi+h),
respectively (hereafter, referred to as the regular fitting method). Variograms computed from data
that contain especially large- and/or small-valued samples will have noise. Hence, an alternate
robust variogram estimator (Cressie, 1993) was used,
which is more stable in the presence of outliers (hereafter, referred to as the robust fitting
method).
Data Analysis.  Data were analyzed using analysis of variance (ANOVA). Fisher's Least
Significant Difference (LSD) t-test was used to compare means at a significant level of α = 0.05.
PROC GLM procedure was used for ANOVA and mean comparison; PROC VARIOGRAM and
PROC NLIN procedures were used for spatial analysis and model fitting (SAS Institute Inc,
2000).
RESULTS AND DISCUSION
Spectral Pattern Changes of a Cottonwood Plantation Over Time
Results of the PCA for images taken on August 2 and October 19, 2001 are shown in Tables 1
and 2, respectively. For the August 2 image, the first principal component band  (PC1) explained
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92.3% of the spectral variance (Table 1). Eigenvector loading coefficients were 0.996, 0.062, and
0.072 for NIR, red and green bands, respectively, indicating that the NIR band had the highest
contribution to the variance.  The second principal component band (PC2) explained 7.5% of the
variance. The red and green bands had much higher loading coefficients (0.798 and 0.596,
respectively) than the NIR (-0.092). For the third principal component (PC3), the red and green
bands had higher absolute loading coefficients (-0.60 and 0.80, respectively) than the NIR (-
0.021). The PC3 was the “noisiest” of the three PC bands and accounted for only 0.2% of the total
spectral variance.
For the October 19 image, the NIR and red bands with loading of 0.735 and 0.551,
respectively, contributed most to PC1, explaining 89.6% of the total spectral variance, while the
green band contributed to PC1 with a loading of 0.395 (Table 2). PC2 explained 9.6% of the
spectral variance, and each of the three original bands had comparable contributions, except the
NIR band was negative. The eigenvector loading coefficients were – 0.678, 0.613 and 0.406 for
NIR, red and green bands, respectively. For PC3, the green and red band contributed most (with
eigenvector loadings of 0.824 and – 0.567, respectively) to PC3, which accounted for only 0.8%
of the variability in the data set.
In summary, the first two PC-bands described most (99.8 % in August and 99.2% in October)
of the spectral variability in the three original bands. This indicates that the first two PC-bands can
be used for image analyses losing little information from the original images.  Images for the two
sample dates represent different stages of cottonwood growth. Hence it was not surprising that
there was variation in spectral data on two dates. On August 2 cottonwood trees were small and
occupied little space since they had been just planted. Bare soil dominated in the plantation.
Therefore only one band (in this case NIR) among three bands took up most contribution
(coefficient 0.996) to spectral variation (PC1) for the August 2 PCA image. On October 19, the
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cottonwood plantation was almost uniformly covered by larger trees, grasses and bare soil. Most
of the spectral variability for PC1 was contributed by two bands (NIR and the red band,
coefficient was 0.735 and 0.551, respectively). It suggests that the spectral reflectance is mostly
contributed by a certain band (in this case, NIR) when there is only one ground cover type (bare
soil, in this case). This also suggests that the spectral reflectance is contributed by different bands
(such as NIR and red) when there are several ground cover types uniformly distributed in space.
Spatial Structure of Spectral Reflectance
Spatial structure of a regionalized variable can be described using variograms (Isaaks and
Srivastava, 1989; Cressie, 1993). Variograms relate variance to spatial separation in distance
among pairs and provides a concise description of the scale and pattern of spatial variability
(Rossi et al.,1992; Curran and Atkinson, 1998).  Several key parameters (including the sill, nugget
and range) are used to define a variogram model (Isaaks and Srivastava, 1989; Rossi et al., 1992;
Curran and Atkinson, 1998). To examine spatial structure of spectral reflectance, a spatially
dependent variogram model was developed and fitted for August 2 image data (Fig. 1). The
variogram values rise quickly with small separation distances (0 – 2 m) as the distance increases,
reaching a maximum and then oscillating around the sill and corresponding to the period of the
range. This kind of variogram can be described by a wave (hole-effect) variogram model and
expressed as γ(h) = C0+C{1-[sin(4.493h/a)]/ (4.493h/a)}, where  parameters h = lag class
interval, C0 = nugget effect, C = structure variance (= sill-C0),  (C0+C ) = sill and a = range (Jian
et al., 1996).
The wave (hole-effect) variogram model parameters were estimated using the Marquardt-
Levenberg weighted least squares methods (SAS Institute, 2000) for the spectral reflectance in the
cottonwood plantation on August 2. Parameters were obtained for both robust (Cressie, 1993) and
regular (Isaaks and Srivastava, 1989; Liehold et al., 1993) fitting methods. In the robust model,
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the sill (C0+C), range (a) and nugget (C0) were 224.3, 1.90 m and 0, respectively, with a spatial
structure variance (C) of 224.3. Hence the model can be written as γ(h) = 224.3{1-[sin(4.493h/
1.9)]/(4.493h/1.9)}.  The robust wave (hole-effect) model accounted for 100% of the variability in
the reflectance values. In the regular model, the sill (C0+C), range (a) and nugget (C0) were 400.6,
2.48 m and 199.6, respectively, with a spatial structure variance (C) of 201.  Therefore the model
can be written as γ(h) = 199.6+201{1-[sin(4.493h/2.48)]/ (4.493h/2.48)}. The regular model
accounting for 50% of the variability in the reflectance. The models suggest that the reflectance
values had a strong spatial dependence (autocorrelation) within the range of 1.90-2.48 m. The
distance was approximately equal to the average diameter of the tree canopies.
A wave (hole-effect) model commonly occurs in agriculture where there is an alternating
pattern of crop rows and furrows (bare soil). This kind of model is generally used when there is
periodicity in the data (Jian et al., 1996). In this study a first year rising plantation, with altering
rows of and bare soil, produces a drift pattern. The autocorrelation between observations within a
row is high whereas the autocorrelation between a row and bare soil is lower, resulting in an
alternating pattern of high and low correlations whose amplitude dies as the distance between
observations gets larger.
Difference in Reflectance for Cover Types
The reflectance data of ground cover types from the images based on a completely
randomized experimental design. ANOVA was conducted using SAS PROC GLM (SAS Institute
Inc, 2000). Mean reflectance values and multiple comparison  (LSD at P = 0.05) for the ground
cover types are shown in Fig. 2. There were significant difference in spectral reflectances between
trees, grass, bare soil and white sheets for all bands and vegetation indices (F = 49.49, d.f. = 122,
P < 0.0001 for NIR band; F = 1163.09, P < 0.0001, d.f. = 122 for red band; F = 1599.80, P < 0.
0001, d.f. = 122 for green band; F = 212.75, P < 0.0001, d.f. = 122 for NDVI; F = 110.96, P <
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0.0001, d.f. = 122 for SVI). There were differences between the white sheets and other cover
types for all bands as well (Fig. 2A). Reflectances in the NIR were significantly different for trees,
grass and bare soil. There was reflectance difference in the red band between trees and grass as
well as between trees and bare soil. For the green band there was also a difference between trees
and grass. The difference between cover types results from the spectral characteristics of the
various ground cover types. As can be seen in Fig. 2B, there are differences for NDVI and SVI
between green cover type (tree and grass) and non-green cover (bare soil and white sheets ).
 In summary, to distinguish different ground cover types, NIR is the best indicator. Red and
green can be used to distinguish grass and trees. NDVI and SVI can be used to discriminate
between green cover types and non-green covers.
Difference in Reflectance with Respect to Degree of Damage
Night two (92) trees were rated for CLB damage on August 2, 2001. Twelve trees were rated
as 0’s, sixty-seven as 1’s, twelve as 2’s and one as 3’s, and there was no 4’s. The reflectance
values for rated trees were extracted for each band. Mean reflectance values and multiple
comparisons  (LSD at P = 0.05) for the ratings are shown in Fig. 3.  Generally there was a
significant difference in spectral reflectance for trees rated as 3’s and the others for each band
(Fig.3A). No difference were detected among the three lowest ratings (LSD t-test, P = 0.05). With
one exception, NIR could be used to distinguish between those rated as 3 from those rated as 0’s.
There were no difference in reflectance between ratings of 0, 1 and 2 at the NIR band. NIR
reflectance for tree rated as 3’s tended to be lower as a result of more leaf tissues being removed
by CLB. Hence, the lack of leaves would decrease reflectance in the NIR and increase reflectance
of red and green.  This indicated that higher rates of defoliation 3’s and 4’s can be potentially
distinguished from lower rates (0, 1 and 2’s) of defoliation. NDVI and SVI were not different
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among the ratings of 0, 1, 2 and 3 (Fig. 3B). Possibly there is problem in using ratios of bands as
they mask underlying information that is important.
CONCLUSIONS
Principal component analysis revealed that the first two principal components account for
most of the spectral variability in the imagery data. The first two principal components explain
over 99% of the spectral variance for both August and October imagery. NIR and red band were
the most contribution to the first principal component. The third principal component accounts for
less than 1%. The PCA-transferred image can be used for image analyses and information
extraction with losing little information from the original images.
For a first year rising cottonwood plantation spatial structure of spectral reflectance was
unique. This structure can be described by a wave (hole-effect) variogram model. The model is
expressed as γ(h) = C0+C{1-[sin(4.493h/a)]/ (4.493h/a)}. Both robust and regular fitting methods
were used to obtain model parameters including spatial structure variance (C), sill (C0+C), range
(a) and nugget (C0). The robust variogram model is: γ(h) = 224.3{1-[sin(4.493h/1.9)]/4.493h/
1.9)}. The regular model is: γ(h) = 199.6+201{1-[sin(4.493h/2.48)]/ (4.493h/2.48)}. Within the
1.90 - 2.48 m distance being approximately equal to the average diameter of cottonwood
canopies, there was a significant spatial autocorrelation of reflectance values. The autocorrelation
of reflectance is high within cottonwood canopies and low between rows of cottonwood tree and
bare soil.
Different cover types could be detected using NIR, red and green bands as well as NDVI and
SVI together or alone. There were significant reflectance differences in NIR between trees, grass,
bare soil and white sheets. Separating trees from grasses could be also accomplished by using red
and green bands. All bands can be used to distinguish white sheet from other cover types. NDVI
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and SVI can be used to discriminate between cover types such as green cover types (i.e., tree and
grass) and non-green cover types (i.e., bare soil and white sheet).
Natural defoliation by the CLB could be detected by using reflectance in NIR, red and green
bands. However only trees with a high damage rating (defoliation > 50%) could be separated from
those with low damage and healthy trees (defoliation rates <50%). ANOVA of reflectance values
indicated that there was a significant difference between trees rated as 3’s and the other ratings for
all bands. There was no difference between three low ratings (0, 1 and 2’s) each other. The results
are in agreement with findings using a handheld multispectral radiometer data (Shi and Nebeker,
2002).  These results indicated that heavy feeding by the CLB can be detected and assessed, but is
difficult when trying to detect light defoliation. NDVI and SVI could not detect difference
between the natural defoliation ratings of 0, 1, 2 and 3, indicating that using ratios may mask true
difference.
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Table 1  Principal component analysis of aerial imagery. Near infrared, red and green bands are
denoted by NIR, RED and GREEN, respectively. The images were taken of Togo Island, south of







Eigenvector Loading 1 at
   NIR        RED         GREEN
PC1    942.25 0.923 0.923 0.996 0.062 0.072
PC2  76.35 0.075 0.998 -0.092 0.798 0.596
PC3    2.05 0.002 1 -0.021 -0.600 0.800
Total Variance  1020.65 1
 1  See appendix for a brief introduction to Principal Component Analysis
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Table 2  Principal component analysis of aerial imagery. Near infrared, red and green bands are
denoted by NIR, RED and GREEN, respectively. The images were taken of Togo Island, south of







Eigenvector Loading1  at
   NIR        RED         GREEN
PC1    1986.70 0.896 0.896  0.735   0.551 0.395
PC2  213.14 0.096 0.992 -0.678   0.613 0.406
PC3    17.40 0.008 1   -0.019 -0.567 0.824
Total Variance    2217.24 1
1  See appendix for a brief introduction to Principal Component Analysis
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Figure 1.  Plot of experimental omnidirectional variograms and fitted wave (hole-effect) model
for the reflectance values of a first year rising cottonwood plantation. Reflectance values were
obtained from images taken on August 2, 2001 of Togo Island, south of Vicksburg, MS. Red
squares represent experimental variogram values calculated using a regular variogram fitting
method (denoted as Experimental Regular). The blue solid line with circles represents fitted
variogram model for the regular variogram values (denoted as Theoretical Regular). Green stars
represent experimental variogram value calculated using a robust variogram fitting method
(denoted as Experimental Robust). The black solid line with circles represents fitted variogram



























Figure 2.  (A) Mean reflectance value (+SE) and associated comparisons among four ground
cover types including trees, bare soil, grasses and white reference sheets for the NIR, red and
green bands.   (B) Mean vegetation indices NDVI and SVI (+SE ) and associated comparisons.



















































































Figure 3.  (A) Mean reflectance values (+SE) and associated multiple comparisons among four
Chrysomela scripta damage levels including ratings of 0, 1, 2 and 3’s for the NIR, red and green
bands.  (B) Mean vegetation indices NDVI and SVI (+SE) and associated comparisons. Shared

















































































INVESTIGATING DEFOLIATION OF COTTONWOOD BY THE
COTTONWOOD   LEAF   BEETLE   (COLEOPTERA:
CHRYSOMELIDAE), CHRYSOMELA SCRIPTA F., IN
FIBER FARMS WITH MULTISPECTRAL DATA 1
ABSTRACT
Multispectral imagery and spectral radiometer data for first and second year rising cottonwood
plantations were acquired from sites near Sidon, MS in 2000 and on Togo Island, MS in 2001.
Images were obtained by two aerial remote sensing systems.  One was a high-resolution Kodak
DCS420 CIR digital camera, equipped with a color infrared filter in the 500-810 nm range (green,
red and near infrared wavelengths), rendering a spatial resolution of 0.132 m per pixel at an
altitude of 610m above ground level.  The other was a RDACS (real time digital airborne camera
system), provided by the ITD (Institute for Technology Development) Spectral Visions.
Multispectral images with four wavelengths (540, 675, 695 and 840 nm) were obtained while
flying at an altitude of 1829 m above ground level, rendering a spatial resolution of approximately
1.0 m per pixel. Images were processed in ERDAS Imagine version 8.5. The handheld
multispectral radiometer was used to measure reflectance across eight narrow wavelengths (460,
510, 560, 610, 660, 710, 760, and 810 nm).
                                                          
1 Prepared in style and format for Environmental Entomology
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Band correlation analysis indicated that eight wavelengths could be divided into two groups:
the visible bands and the near infrared. Correlation coefficients indicated that reflectance values
were highly correlated (r > 0.80) within groups but less so between groups. Bands within the
visible range were negatively correlated with the normalized difference vegetation index (NDVI)
and the simple vegetation index (SVI), whereas bands in the near infrared group were positively
correlated to these indices but varied on the measurement dates. Spectral response analysis
indicated that NIR wavelength of 760 nm and 810 nm were the most useful bands in
differentiating between high and low defoliation rates. Vegetation indices were more sensitive in
detecting defoliation levels than reflectance values. The highest defoliation levels had the greatest
contrast with controls, but contrast was less evident at the lower defoliation levels. Using
supervised and unsupervised classification techniques, cottonwood trees were distinguished
clearly from the background in a first year rising plantation. It could not discriminate light
defoliation rates from no feeding using either classification method.
Key Words Chrysomela scripta F, cottonwood leaf beetle, multispectral imagery, radiometer
data, defoliation levels, cottonwood plantation, Populus
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INTRODUCTION
Short-rotation woody crop systems are becoming an effective alternative to traditional
forestry, especially in North America, because large amounts of wood for fiber and energy can be
produced in a relatively short time period (Graham and Walsh, 1999). Trees in the genus Populus
show excellent potential for use in these systems and are highly suitable for short-rotation woody
crops because of their fast growth, high biomass yield, ease of vegetative propagation,
regeneration ability, wide range of end users and well-developed agronomic techniques
(Dickmann and Stuart, 1983; Zsuffa et al., 1996; Bauer, 1997). Populus plantations are managed
much like conventional agricultural systems, in which plants are of uniform age and size.
A number of insect defoliators attack the Populus (Baker, 1972; Wilson, 1976). The
cottonwood leaf beetle (CLB), Chrysomela scripta F., a defoliator with larval and adult stages
feeding on the young leaves and shoots of Populus, is one of the most important economic pests
of Populus in the United States (Burkot and Benjamin, 1979; Harrell et al., 1981; Drooz, 1985;
Bingaman and Hart, 1992). Feeding damage poses the greatest threat to one- and two-year old
plantings, hampering growth and biomass accumulation (Calbeck et al., 1978; Bassman et al.,
1982; Reichenbacker et al., 1996; Fang and Hart, 2000; Coyle et al., 2001; Kosola et al., 2001;
Coyle et al., 2002). Feeding damage may also create infestion courts for pathogens and increase
susceptibility to secondary insect pests (Kulman, 1971; Coulson and Witter, 1984; Mattson and
Palmer, 1988; Barbosa and Wagner, 1989). Assessment and quantification of CLB damage and
distribution in the field would greatly aid in the management of this defoliator. Remote sensing
techniques may provide useful tools to this end.
Remote sensing is the collection of data without physical contact between the sensor and the
object being measured (Lillesand and Kiefer, 1994). Examples of remote sensing tools include
hand-held sensors, cameras mounted on/in airplanes or other aerial platforms, including satellite-
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based systems, radar, sonar, lidar, and digital frame cameras (Lillesand and Kiefer, 1994; Riley,
1989). Spectral reflectance information has been collected using remote sensing methods to
detect, quantify, and map insect defoliation for the spruce budworm (Franklin and Raske, 1994),
gypsy month (Muchoney and Haack, 1994; Maclean and Mackinnon, 1996), jack pine budworm
(Hall et al., 1998) and hemlock woolly adelgid (Royle and Lathorp, 1997, 2002) as well as for the
southern and western pine beetles (Everitt et al., 1997a, 1997b; Carter et al., 1998). It has been
suggested that remote sensing can provide an efficient and cost-effective means for monitoring
insect pests. To our knowledge, remote sensing using multispectral data has not been used to
study CLB defoliation in cottonwood plantations.
In this study, we tested the basic assumption that multispectral remote sensing data can
provide a basis to detect various rates of defoliation, which in turn may be used to aid in
determining defoliation rates and patterns in the field. The specific objectives were: (1) to
determine the relationships among reflectance bands, a normalized difference vegetation index
(NDVI) and a simple vegetation index (SVI) using a handheld multispectral radiometer, and (2) to
try and separate defoliated cottonwoods from non-defoliated cottonwoods using aerial
multispectral imagery.
MATERIALS AND METHODS
Study Sites. Populus plantations in Leflore County near Sidon, MS and another on Togo
Island near Vicksburg, MS were selected for this study. The plantations were established on a
2.74 by 2.74 m (9 × 9 ft) spacing in 1999 in Sidon and 3.66 by 3.66 m (12 × 12 ft) spacing on
Togo Island in 2001. The study was conducted in 2000 near Sidon and in 2001 on Togo Island.
Experimental Plots and Defoliation Procedures. We randomly selected 12 large plots (each
plot consisted of 16 trees, i.e., 4 × 4 trees), and 12 small plots (each plot consisted of 4 trees, i.e. 2
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× 2 trees) in the plantation near Sidon. White sheets, ~1 m2, were placed near each plot as image
reference points. Four artificial defoliation treatment levels (0, 25, 50, and 75% , see below for
details) were randomly assigned to both large plots and small plots. Each defoliation level was
replicated three times for all plots.
Artificial defoliation treatments were applied to simulate CLB damage by removing leaf
plastochron index (LPI) 0-10 leaves on May 25 and September 15, 2000 near Sidon. The index
was described by Erickson and Michelini (1957), Larson and Isebrands (1971) and Ceulemans
(1990).  Basically a leaf with a lamina length of 3cm is LPI 0 (Bingaman and Hart, 1992). The
leaves below LPI 0 are referred to as LPI 1, LPI 2, LPI 3 and so forth. Tree height was divided in
to four equal portions.
Trees were defoliated using a device with 4 segments of rubber clothesline 0.30-0.41m long
attached to one end of a 1.22 m × 6.0 cm PVC pole (pole length =1.22 m and PVC pipe diameter
= 6.0 cm). Treble hooks 8.0 cm long with barbed ends removed were then attached to the end of
each line. The whipping of the defoliator caused tearing and removal of the LPI 0-10 leaves in the
upper crown area with some terminal damage that was similar to and simulating that caused by
the CLB. The 25% defoliation rate was accomplished by removing the LPI 1-10 from the top
quarter of the tree with the defoliation instrument. The 50% defoliation rate was accomplished by
removing the LPI 1-10’s in the top half of the tree. In like manner, the 75% treatment was applied
to the top three-quarter of the tree canopy as for the 25% treatment. The 0% treatment represented
the controls.
On Togo Island cottonwood trees were experiencing natural defoliation from feeding by a
CLB population in 2001. Eight (4 × 4 trees) plots were established to examine the natural
defoliation levels and to obtain reflectance measurements. Single square white sheets  (~ 1 m2)
were placed near each plot as reference points. Damage ratings (0-4) were obtained using the
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method described by Bingaman and Hart (1992):  0 = no feeding on LPI 1-10, 0% defoliation; 1 =
light feeding, sample feeding 1-25% at LPI 1-10 missing; 2 = light to moderate feeding, 25-50%
of LPI 1-10 missing; 3 = moderate to heavy feeding, 50-75% of LPI1-10 missing, main leader
intact; and 4 = heavy feeding, >75% of LPI 1-10 missing, main leader and terminal bud heavily
damaged or destroyed.
Ground Data Collection. Reflectance values were obtained using a handheld multispectral
radiometer unit (Model MSR87, Cropscan, Inc., Rochester, MN). A bubble-spirit level mounted
on the support pole was used to set the sensor to the appropriate angle.  The instrument measures
reflectance across eight narrow wavelengths (460, 510, 560, 610, 660, 710, 760 and 810 nm). At
the Sidon site trees were defoliated on May 25, and reflectance was measured on May 30, June 14
and July 14, 2000. The trees were again artificially defoliated on September 15 with reflectance
measurements taken on September 28, October 12 and October 30, 2000. On Togo Island, the
reflectance was taken on July 25 and August 2, 2001 after natural defoliation by the CLB. The
measurements were obtained between 0830 and 1600 hrs from a height of 0.5-1.0 m above
individual canopies during near cloud-free periods. Two samples (Sidon in 2000) and four
samples (Togo Island in 2001) were taken for each tree, and the average value was used to
represent the reflectance of each tree.
A ground survey was conducted on Togo Island on August 2, 2001. Trees in each plot were
rated on a scale of 0 - 4 as described by Bingaman and Hart (1992). The rating scale was only
applied to the LPI’s 0-10. Ground cover type was also recorded. Ground cover types were bare
soil (result of plowing), grasses (Andropogon spp. and Aster spp. are dominant grass), cottonwood
trees and reference points (white sheets). The GPS location of each plot, white sheet, individual
tree within plots and a few additional fixed points were determined using a CMT MC-GPS unit
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(Corvallis Microtechnology, Inc., Corvallis, OR). The GPS coordinates were used for geo-
referencing images.
Aerial Image Acquisition and Processing. Aerial images were obtained from two different
systems.  One was a Kodak DCS420 high-resolution color infrared (CIR) digital camera. The
camera was equipped with a color infrared filter (650BP300) in the 500-810 nm (green, red and
near infrared wavelengths) range.  It was mounted in a light aircraft, provided by the Mississippi
Forestry Commission and flown by a commission pilot at an altitude of 610 m above ground level
(AGL) over Togo Island. The spatial resolution of the images was 0.132 m per pixel. The second
system, a RDACS (real time digital airborne camera system ), was provided by Institute for
Technology Development (ITD) Spectral Visions (Stennis Space Center, MS 39529).  Images
were acquired using a 4 CCD  (charge coupled device) array camera (1320 by 1035 pixel array)
system. All images were 8 bit image pixels. The 4-band multispectral imagery (centered at 540±5
nm, 675±5 nm, 695±5 nm and 840±5 nm) was obtained by flying at 1829 m AGL, rendering a
spatial resolution of approximately 1.00 m per pixel.
All images were processed using Leica ERDAS IMAGINE 8.5 (ERDAS Inc, Atlanta, GA,
2001). Images were registered and geo-referenced to the Universal Transverse Mercator (UTM)
grid zone 15 with less than 0.5 pixel residual mean square (RMS error), using GPS-obtained
coordinates of reference and fixed points in the field and a second-order polynomial
transformation.
Images were analyzed using a supervised classification system. Supervised classification
allows for identification of regions that have similar characteristics. This was accomplished by
selection of training sets of pixels that correspond to known features on the ground (target class
including tree, grass, bare soil and reference white sheet; each consisted of five samples). Regions
in the images were selected as input for the supervised classification routine along with associated
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spectral bands. The classification routine used this information to classify each pixel into one of
the pre-selected classes based on mathematical rules (ERDAS Inc., 2001), assigning unique
digital numbers to each classified region.
The georeferenced subset-image was subjected to an Iterative Self-Organizing Data Analysis
(ISODATA) which performed an unsupervised classification on the basis of specified iterations
and recalculated the statistics for each iteration (ERDAS Inc., 2001).  The ISODATA technique
uses minimum spectral distance to assign a cluster for each selected pixel. With a specified
number of arbitrary cluster means, the technique repetitively processes them in which new means
shift toward the means of the clusters. Unsupervised classification completed in this study
assigned ten classes with a 0.99% convergence threshold (the maximum percentage of cluster
assignments that go unchanged between iterations). The ten classes then recorded into 4 classes.
For both classification techniques, the classes consisted of bare soil, cottonwood trees, grass
(Andropogon spp. and Aster spp. are dominant grass) and white sheets. The classified image data
were compared to ground truth data to separate the trees and ground cover types.
Field Data Analysis. Data from the handheld radiometer were utilized to generate four
vegetation indices. Two normalized difference vegetation indices (NDVI) and two simple
vegetation indices (SVI) are calculated as: NDVI1 = (B810-B660) / (B810+B660), NDVI2 =
(B810-B710) / (B810 + B710), SVI1 = B710/B660, and SVI2 = B810/B660, where B660, B710,
and B810 denoted reflectance percentage at wavelength 660 nm, 710 nm and 810 nm. Reflectance
and vegetation differences for the four treatments were examined first in ANOVA with
completely randomized experimental design model. Means were compared using LSD t-test
multiple comparison (α = 0.05). Data were analyzed using PROC CORR and PROC GLM in SAS
(SAS Institute Inc., 2000).
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RESULTS AND DISCUSSION
Correlation among Bands and Vegetation Indices
Correlations among bands and vegetation indices based on field multispectral handheld
radiometer were calculated based on data from the handheld radiometer for six dates at Sidon in
2000 and two dates for Togo Island in 2001. Tables 1 and 2 provide the results of correlations:
June 14, 2000 near Sidon and August 2 for Togo Island, respectively. Wavelengths were divided
into two groups: the grouping of visible bands  (460, 510, 560, 610, 660 and 710 nm which herein
are denoted by B460, B510, B560, B610, B660 and B710) and the near infrared (NIR) group (760
and 810 nm are denoted by B760 and B810). Correlation coefficients indicated a high degree of
correlation within groupings but less so between groups. Within the visible group, on all
measurement dates, correlation coefficients were approaching or greater than 0.80 near Sidon and
greater than 0.91 for Togo Island. As expected, within the NIR group, two NIR bands (760 nm
and 810 nm) were highly significantly correlated (r > 0.85, P < 0.01) with each other for all dates.
The bands within the visible grouping were negatively correlated with SVI1, SVI2, NDVI1 and
NDVI2 (r = -0.24 to -0.84) for all dates, whereas bands in the near infrared grouping were
positively correlated to vegetation indices and varied on different dates (mostly r = 0.4 to 0.9).
Band correlation magnitudes and their mathematical signs were dependent on the dominant land-
cover type and varied with tree growth condition.
Spectral Response and Differences among Defoliation Levels
Spectral response curves for each defoliation treatment that were measured on June 14, 2000,
three weeks after defoliation, are presented in Fig. 1. At the shorter wavelengths, 460-710 nm, the
reflectance percentage was less than 15% for the four treatments. The reflectance percentage for
the 75% defoliation treatment was significantly different from the other treatments (0, 25 and
50%) (LSD, α = 0.05) at these shorter bands.  However there were no differences among 0, 25 and
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50% treatments in terms of reflectance at these shorter wavelengths. Percent reflectance for all
treatments was greater than 40% for wavelengths 760 nm and 860 nm (Fig. 1). Reflectance at 810
nm for the control (0% defoliation) was significantly different from 25, 50 and 75% defoliation
levels. There was a difference reflectance at 760 nm between control and 75% defoliation level.
Four vegetation indices (NDVI1, NDVI2, SVI1 and SVI2) for the 75% defoliation treatment
were significantly different from the control (LSD, α = 0.05, Table 3). In addition, NDVI2 and
SVI2 for the 0% treatment were different from the 25 and 50% treatments. Both NDVI2 and SVI2
for the 75% treatment were different from the 25 and 50% treatments. This suggests that NDVI2
and SVI2 are useful indicators for differentiating defoliation levels.
The spectral response curves taken seven weeks (on July 14) after artificial defoliation are
shown in Fig. 2. Similar to the June 14 data, the reflectance percentage of the shorter wavelengths
460-710 nm were less than 15% for the four treatments, while reflectance percentage was greater
than 35% for wavelengths of 760 nm and 860 nm. There were no differences in reflectance among
four treatments for all eight bands (LSD, α = 0.05). This was attributed to tree growth. New leaves
were fully developed seven weeks after treatment. Even though there was no difference in
reflectance, three vegetation indices (NDVI1, NDVI2, SVI2) values for the 75% treatment still
differed from the 0 and 25% treatments (Table 3), suggesting that vegetation indices are more
sensitive to detecting differences in defoliation level than are reflectance values.
Spectral response curves for data collected on October 12, 2000, four weeks after treatment,
are presented in Fig. 3. The 410-710 nm bands had low reflectance percentages, while the longer
wavelengths (760 nm and 810 nm) had relatively high reflectance percentages. Reflectance at 760
nm and 810 nm for the 0% treatment was higher than the 25, 50 and 75% treatments (LSD, α =
0.05). In addition, the 75% treatment differed from the 25 and 50% treatments at 810 nm.
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The four vegetation indices for the 75% treatment differed significantly from the 0%
treatment (LSD, α = 0.05, Table 3). Indices NDVI2 and SVI2 for the 0 and 25% treatments were
different from the 50 and 75% treatments, making them more useful in differentiating higher
defoliation levels from lower levels.
Spectral response curves for data collected on October 30, 2000, nearly seven weeks after
treatment, are presented in Fig. 4. The shorter wavelengths 410-710 nm had lower reflectance
percentages and the longer wavelengths (760 nm and 810 nm) had higher reflectance percentages.
There were differences in reflectance at 760 nm and 810 nm when comparing the 75% treatment
and the other treatments. Reflectance for 75% was higher than 0, 25 and 50%. There were no
other differences.
In summary NIR wavelengths 760 nm and 810 nm were best at differentiating between low
and high levels of defoliation. Vegetation indices are more sensitive in detection of defoliation
than reflectance for both low and high defoliation rates. As would be expected, the highest
defoliation rates had the greatest contrast with the controls, but less evident at lower levels. Rapid
re-growth of Populus presents special challenges. Timing of surveys is critical.
Spectral Classification of Images
Using supervised and unsupervised classification techniques, cottonwood trees can be
distinguished clearly from the background in a first year rising plantation on Togo Island (Fig. 5
and Fig. 6).  The supervised algorithm was able to consistently identify bare soil, trees and grass.
It was, however, difficult to discriminate between the natural defoliation levels of 0 (no feeding),
1 and 2. The unsupervised classification method could not distinguish trees and reference points.
Similar to supervised classification, it was hard to distinguish the natural defoliation levels of 0, 1
and 2. Only one tree was defoliated by CLB at level 3 (moderate to heavy feeding, 50-75%
defoliation) and it was not detected using either classification method. In addition, we could not
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distinguish light feeding from no feeding with either classification system. Since no heavy feeding
was found, we do not know if it can be separated from light or non-feeding using these
techniques.
For the second year rising plantation, generally cottonwood trees could be distinguished from
the various backgrounds (Fig. 7).  In some cases it was difficult to distinguish between the grass
and trees using unsupervised classification.  The grass was as tall as the trees in some cases
because of abundant rainfall in the preceding months.
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Table 1 Correlation matrix among eight bands and four vegetation indices. Near
Sidon, MS, June 14, 2000
TYPE B460 B510 B560 B610 B660 B710 B760 B810 NDVI1* NDVI2* SVI1* SVI2*
B460 1.00
B510 0.99 1.00
B560 0.84 0.87 1.00
B610 0.96 0.97 0.92 1.00
B660 0.96 0.97 0.78 0.94 1.00
B710 0.79 0.83 0.95 0.91 0.74 1.00
B760 -0.17 -0.14 0.27 -0.04 -0.30 0.32 1.00
B810 0.03 0.06 0.42 0.15 -0.08 0.44 0.90 1.00
NDVI1* -0.76 -0.75 -0.40 -0.68 -0.84 -0.36 0.70 0.58 1.00
NDVI2* -0.67 -0.67 -0.41 -0.65 -0.73 -0.44 0.61 0.60 0.92 1.00
SVI1* -0.71 -0.70 -0.36 -0.60 -0.81 -0.24 0.66 0.44 0.88 0.66 1.00
SVI2* -0.76 -0.75 -0.45 -0.70 -0.84 -0.40 0.67 0.55 0.97 0.90 0.90 1.00
* NDVI1=(B810-B660)/(B810+B660), NDVI2=(B810-B710)/(B810+B710),
   SVI1=B710/B660, SVI2=B810/B660
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Table 2 Correlation matrix among eight bands and four vegetation indices. Togo
Island near Vicksburg, MS, August 2, 2001
TYPE B460 B510 B560 B610 B660 B710 B760 B810 NDVI1* NDVI2* SVI1* SVI2*
B460 1.00
B510 0.98 1.00
B560 0.98 0.99 1.00
B610 0.99 0.99 0.99 1.00
B660 0.97 0.99 0.98 0.99 1.00
B710 0.91 0.96 0.97 0.95 0.95 1.00
B760 0.22 0.27 0.35 0.23 0.19 0.44 1.00
B810 0.18 0.22 0.30 0.19 0.14 0.38 0.97 1.00
NDVI1* -0.72 -0.71 -0.66 -0.73 -0.77 -0.58 0.45 0.51 1.00
NDVI2* -0.70 -0.71 -0.66 -0.73 -0.77 -0.62 0.41 0.49 0.98 1.00
SVI1* -0.65 -0.61 -0.55 -0.62 -0.67 -0.40 0.50 0.49 0.89 0.79 1.00
SVI2* -0.70 -0.71 -0.65 -0.72 -0.76 -0.58 0.45 0.52 1.00 0.98 0.88 1.00
* NDVI1=(B810-B660)/(B810+B660), NDVI2=(B810-B710)/(B810+B710),
   SVI1=B710/B660, SVI2=B810/B660
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Table 3  Comparison of mean vegetation indices values ( STD = standard deviation) for four
defoliation treatments. Means with the same letter are not significantly different at α=0.05 among
defoliation treatments near Sidon, MS
Date Treatment NDVI1* (STD) NDVI2* (STD) SVI1* (STD) SVI2* (STD)
6/14/2000 0% 0.79a 0.05 0.55a 0.05 2.57a 0.33 9.01a 2.02
25% 0.77ab 0.04 0.52b 0.04 2.48a 0.31 8.04b 1.74
50% 0.76b 0.07 0.52b 0.06 2.43a 0.40 7.90b 2.16
75% 0.72c 0.06 0.48c 0.05 2.23b 0.31 6.50c 1.55
7/14/2000 0% 0.80a 0.02 0.52a 0.03 2.82a 0.22 9.12a 1.33
25% 0.80a 0.03 0.53a 0.04 2.77a 0.20 9.13a 1.33
50% 0.78ab 0.03 0.51ab 0.04 2.74a 0.18 8.48ab 1.38
75% 0.78b 0.02 0.49b 0.03 2.69a 0.16 7.98b 0.82
10/12/2000 0% 0.71a 0.04 0.46a 0.06 2.20a 0.20 6.01a 0.91
25% 0.68b 0.06 0.45a 0.06 2.05b 0.19 5.54b 1.16
50% 0.64bc 0.06 0.39b 0.04 2.04b 0.27 4.72c 0.95
75% 0.63c 0.04 0.38b 0.04 1.99b 0.20 4.53c 0.66
10/30/2000 0% 0.63a 0.06 0.38ab 0.05 2.01a 0.21 4.59a 0.89
25% 0.63ab 0.08 0.40a 0.07 1.88b 0.21 4.56ab 1.18
50% 0.59bc 0.08 0.37b 0.06 1.86b 0.30 4.13bc 1.07
75% 0.59c 0.08 0.38b 0.07 1.75c 0.18 4.05c 0.96
* NDVI1=(B810-B660)/(B810+B660), NDVI2=(B810-B710)/(B810+B710),
   SVI1=B710/B660, SVI2=B810/B660
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Figure 1.  Spectral response pattern for trees artificially defoliated and controls. Reflectance
values were measured with a hand-held MSR87 radiometer on June 14, 2000, three weeks after
































Figure 2. Spectral response pattern for trees artificially defoliated and controls. Reflectance
values were measured with a hand-held MSR87 radiometer on July 14, 2000, seven weeks after
































Figure 3. Spectral response pattern for trees artificially defoliated and controls. Reflectance
values were measured with a hand-held MSR87 radiometer on October 12, 2000, four weeks after
































Figure 4. Spectral response pattern for trees artificially defoliated and controls. Reflectance
values were measured with a hand-held MSR87 radiometer on October 30, 2000, seven weeks































Figure 5. Image of a supervised classification model for a first year rising cottonwood plantation
on Togo Island, near Vicksburg, MS. White = white sheet, Gray = bare soil, Maroon = grass,
Green = trees with damage 0, 1, 2 or 3. Original image was taken using a Kodak DCS420 CIR
digital camera on August 2, 2001.
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Figure 6. Image of an unsupervised classification model for a first year rising cottonwood
plantation on Togo Island, near Vicksburg, MS.  Gray = bare soil, Maroon = grass, Green = trees.
Original image was taken using a Kodak DCS420 CIR digital camera on August 2, 2001.
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Figure 7. (a) Georeferenced image and (b) associated unsupervised classification image for a
second year rising cottonwood plantation near Sidon, MS. Image was taken originally with ITS




GEOSTATISTICAL ANALYSIS OF A COTTONWOOD PLANTATION
AND A DEFOLIATOR, CHRYSOMELA SCRIPTA F., UTILIZING
REMOTELY SENSED AND GROUND-BASED DATA 1
Abstract
The spatial structure of spectral reflectance of a cottonwood plantation on Togo Island, south
of Vicksburg, Mississippi based on the remotely sensed imagery was characterized and analyzed
using both regular and robust geostatistical techniques. Spatial dependency of the cottonwood leaf
beetle, Chrysomela scripta F., adult and larval population as well as their damage level based on
ground observation data was also characterized and developed. Variograms were calculated to
model and fit spatial dependence using SAS PROC VARIOGRAM and PROC NLIN procedures.
Findings indicated that a wave (hole-effect) model at the omnidirection, 45° and 135°  directions,
a linear model at 0°, and a exponential model at 90°  provided the best statistical fit of spectral
reflectance distribution. Spatial autocorrelation of cottonwood spectral properties was at a
distance of 1.90 - 2.48 m at the omnidirection. The distance was approximately the average
diameter of the tree canopy. The models accounted for 50-100% of the variability in spatial
dependence for reflectance. The spatial structure of C. scripta adult and larval populations were
aggregated and described by spherical or Gaussian models. Range of spatial dependence varied
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from 64.95 to 477.50 m for different dates and chosen models. Interpretation of the nugget effects
suggests that the models account for 30%-87% of the variability in spatial dependence of C.
scripta population. Anisotropy was present in the directional variograms for C. scripta population
only in September 2001. The spatial distribution of feeding damage, which was aggregated, was
best modeled using a Gaussian function. The spatial dependence range varied from 199 to 417.6m
for the regular model and varied from 229 to 1673.7 m for the robust model. The spatially
aggregated distribution of defoliation explained 23.5% and 22.5% of total variation using regular
and robust models, respectively, for July 2001, and 43.4% and 94.1% for regular and robust
models, respectively, for August 2001. Further research is required to evaluate the stability of
these models in space, different cottonwood plantations and plant phenology in time, as well as
tree spacing.
Keywords: geostatistics, remote sensing, cottonwood leaf beetle, Chrysomela scripta F.,
variogram, insect count, level of defoliation
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1. Introduction
Short-rotation woody crop systems are becoming an effective alternative to traditional forestry
because large amounts of wood for fiber and energy can be produced in a relatively short amount
of time (Graham and Walsh, 1999).  Populus spp. plantations are a relatively recent development
in North America. Short rotation wood crop systems, however, are susceptible to a number of
insect defoliators because they are grown as monocultures (Baker, 1972; Solomon et al., 1976;
Wilson, 1976).
The cottonwood leaf beetle (CLB), Chrysomela scripta F., is one of the most serious
defoliators of cottonwood (Populus) in North America. The CLB causes a significant economic
impact on this short-rotation woody crop (Burkot and Benjamin, 1979; Harrell et al., 1981, 1982;
Drooz, 1985). Heavy feeding damage can result in terminal dieback, growth reduction, and
mortality in young stands (Calbeck et al., 1978; Bassman et al., 1982; Reichenbacker et al., 1996;
Fang and Hart, 2000; Coyle et al., 2001, 2002; Kosola et al., 2001). An accurate description and
assessment of the spectral reflectance patterns of plantations and the spatial distribution of the
CLB are especially important to plantation and pest managers in making timely, cost-effective
management decisions. Spectral reflectance information obtained through remote sensing and
combined with geostatistical techniques offer new approaches in the characterization, sampling,
and management of insect pest populations (Rossi et al., 1992; Liebhold et al., 1993; Fleischer et
al., 1997) and crop systems (Curran and Atkinson, 1998; Willers et al., 1999; Plant et al., 2001;
Pozdnyakova et al., 2002).
Geostatistics focuses on the detection, modeling, and estimation of spatial dependency among
samples (Legendre and Fortin, 1989; Isaaks and Srivastava, 1989; Rossi et al., 1992; Liebhold et
al., 1993). A fundamental theme of geostatistics is the expectation that, on average, samples close
together in time and/or space are more similar than those that are separated farther in space and
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time (Rossi et al., 1992, 1994; Liebhhold et al., 1993). Geostatistics can describe spatial
autocorrelations among sample data for use in various spatial models. Geostatistical methods are
used to create models of spatially correlated random variables, which are then used to estimate
values at unsampled locations. Geostatistics was developed for geological applications by Daniel
Krige in the 1950’s and G. Matheron in the 1960’s (Davis, 1986) to describe and predict the
spatial variation of sample values for mining. Recently geostatistics has been applied in many
areas including ecology, entomology and remote sensing (Schotzko and O'Keeffe, 1989, 1990;
Schotzko and Quisenberry, 1999; Williams et al., 1992; Liebhold et al., 1995; Nestel and Klein,
1995; Curran and Atkinson, 1998; Ellsbury et al., 1998).
Reviews of the theoretical development of geostatistical procedures and applications have
been presented by Journel and Huijibregts (1978), Davis (1986), Kemp et al. (1989), Legendre
and Fortin (1989), Schotzko and O'Keeffe (1989), Rossi et al. (1992) and Liebhold et al. (1993).
Geostatistical analysis of insect data is a rapidly expanding area of research. Geostatistical
techniques have been used effectively to analyze and simulate the spatial distribution of insects
(Kemp et al., 1989; Schotzko and O'Keeffe, 1989, 1990; Midgarden et al., 1993, 1997; Shi and Li,
1997; Ellsbury et al., 1998; Shi et al., 1998; Darnell et al., 1999; Schotzko et al., 1999; Blom and
Fleischer, 2001; Strother and Steelman, 2001; Blom et al., 2001, 2002; Tobin and Pitts, 2002;
Wright et al., 2002). Geostatistics has also been commonly applied in remote sensing since the
late 1980’s to explore and describe spatial variation, optimize sampling and estimation (Rossi et
al., 1994; Curran and Atkinson, 1998; Dungan, 1998; Levesque and King, 1999).
Remotely sensed data of plants are available in the form of images or pixel values.
Geostatistical methods coupled with data from remotely sensed imaging can provide a tool for
characterizing, sampling and management of insect populations and crop systems. In this study,
geostatistical methods coupled with remotely sensed imagery data and ground-based data were
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utilized to study the spatial distribution of spectral properties of a first year rising cottonwood
plantation and an associated defoliator, C. scripta. The objectives of this study were: (1) to
determine the spectral spatial structure of a cottonwood plantation, and (2) to characterize the
spatial distribution of C. scripta and associated feeding in a first year rising cottonwood
plantation.
2. Materials and Methods
2.1 Study Sites
A first year rising eastern cottonwood (Populus deltoides Bartr.) plantation on Togo Island,
south of Vicksburg, MS was selected for this study. The plantation was established on 3.66 m by
3.66 m (12 × 12 ft) spacing in 2001.  Eight (4 × 4 trees) plots were set up. Data collected included
counting C. scripta adults and larvae, and rating the defoliation level. A white sheet (~1 m2) was
placed near each plot as a reference point. The location of each plot, reference point, individual
tree within each plot, and other fixed points in the study area were obtained using a CMT MC-
GPS unit (Corvallis Microtechnolgo, Inc., Corvallis, OR).
2.2 Ground Survey
Surveys were conducted on July 25, August 2, and September 25, 2001. C. scripta activity,
adult and larval counts, and degree of defoliation were recorded for individual tree within the
plots. The defoliation rating scale was only applied to the leaf plastochron index (LPI) 0-10
leaves. The LPI has been described by Erickson and Michelini (1957), Larson and Isebrands
(1971), and Ceulemans (1990).  Basically a leaf with a lamina length of 3 cm is LPI 0 leaf
(Bingaman and Hart, 1992). The leaves below LPI 0 are referred to as LPI 1, LPI 2, LPI 3 and so
forth. To assess damage a rating scale produced by Bingaman and Hart (1992) was followed: 0 =
no feeding , 0% defoliation; 1 = light feeding, 1-25% defoliation; 2 = light to moderate feeding,
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25-50% defoliation; 3 = moderate to heavy feeding, 50-75% defoliation with main leader intact;
and 4 = heavy feeding, >75% defoliation with main leader and terminal buds heavily damaged or
destroyed.
2.3 Image Acquisition
Aerial images were obtained using a Kodak DCS420 colored infrared (CIR) digital camera.
The camera was mounted in an aircraft, provided by the Mississippi Forestry Commission and
flown at an altitude of 610 m (2000 ft) above ground level (AGL). The camera was equipped with
a color infrared filter  (650BP300) in the 500-810 nm range, resulting in CIR composite images of
green, blue and near-infrared wavelengths. The spatial resolution of the images was 0.132 m per
pixel at an altitude of 610 m AGL.  Flights were flown over our study area on Togo Island, south
of Vicksburg, MS at approximately solar noon on August 2, 2001.
2.4 Image Processing
Images were processed in Leica ERDAS Imagine version 8.5 (ERDAS Inc, 2001). All images
were registered and geo-referenced to the Universal Transverse Mercator (UTM) grid system zone
15 using GPS coordinate locations of reference points and other fixed points in the study area.
The registered images were then mosaiced and subset, resulting in a 498 by 1792 pixel image
covering the study plots. The images were enhanced by using spatial filter techniques for spatial
enhancement and by principal component analysis (PCA) for spectral enhancement (ERDAS,
Inc., 2001). The first principal component PCA image (PC1-transferred image) was used to
extract spectral pixel values. Every third pixel (up to 3658 data points, a 10 percent sample) was
then extracted from the PC1-transferred image (omitting some rows and columns at the image
edge). All these extracted pixel values entered into a SAS data set to analyze the spatial structure
of the reflectance values using geostatistical methods.
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2.5 Geostatistical Methods
A semivariogram (also called a variogram) is a commonly used geostatistical technique to
model spatial dependence of a spatial variable.  The variogram plots a sample semivariance
(estimated as one half of the simple average squared difference between data values at the same
separation distance) against distance between sample pairs for all possible separation distances
and the variogram is computed as:
where  is the estimated variogram value for lag h, N(h) is the number of pairs of points
separated by distance h, z(xi) and z(xi+h) are the values of a variable at location xi and (xi+h),
respectively (hereafter referred to as a regular fitting method). The variogram values can be
computed either as averages over all directions (omnidirectional or isotropic variograms) in which
case the lag measure is scalar, or specific to a particular direction (directional or anisotropic
variograms) in which case the lag measure is a vector (Isaacs and Srivastava, 1989; Rossi et al.,
1992; Liebhold et al., 1993).
The shape of the graph defines the type of spatial dependence and the range of the spatial
dependence (Fig. 1). Typically, the variogram values are small for low values of h, increase with
increasing distance, and then level off or become constant after some distance (Liebhold et al.,
1993; Rossi et al., 1994). These features are known as the structure in a variogram and they reflect
the average degree of similarity or dissimilarity between samples. Four key variogram parameters
(Fig. 1) include the sill (C, value of the semivariance when it levels off, which is equal to the
estimated variability in the response), the range (a, distance at which spatial independence is
reached), the lag (h, distance between sample pairs), and the nugget (C0, defined by the y-
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intercept) (Isaacs and Srivastava, 1989; Liebhold et al., 1993). There are several commonly used
parametric functions in modeling variograms, including spherical, Gaussian, exponential, linear,
power, and wave (hole-effect) models (Isaaks and Srivastava, 1989; Cressie, 1993). The fitted
variogram model is used to estimate values at unsampled locations (an estimation technique
known as Kriging).
Variograms computed from data that contain especially large- and/or small-valued samples
will have noise. That is, instead of smoothly rising with increasing h, the variograms will be
erratic with sharp increases and decreases. Variogram noise resulting from data outliers can even
completely mask structure and produce a pure nugget effect. Cressie (1993) presented an alternate
robust variogram estimator,
which is stable in the presence of outliers, and is hereafter referred to as the robust fitting method.
2.6 Data Analysis
All data were analyzed using SAS PROC UNIVARIATE to generate summary statistics and
to evaluate data for the assumption of normality. Data were log-transformed to approximate a
normal distribution if not normally distributed. Drift or trends in the data were assessed using
PROC CORR (SAS Institute, 2000). Spatial structure of C. scripta adult and larval counts,
damage levels and spectral reflectance were characterized by variograms using PROC
VARIOGRAM (SAS Institute, 2000). Resulting variogram values were modeled as a linear, wave
(hole-effect), spherical, exponential or Gaussian functions using the Marquardt algorithm





































for 0°, 45°, 90°, and 135° orientations with ± 22.5°  tolerance relative to 0° north. Models for the
various variograms were expressed as follows: linear, γ(h) = C0+(C- C0)(h/a), spherical, γ(h) =
C0+(C- C0)[1.5(h/a)-0.5(h/a)3], exponential, γ(h) = C0+(C- C0)[1- exp(-h/a)],  Gaussian, γ(h) =
C0+(C- C0){1- exp[-(h/a)2]}, or wave (hole-effect), γ(h) = C0+(C- C0){1-[sin(4.4934h/a)]/
(4.4934h/a)} functions, with parameters having the following interpretations: h = lag class
interval, C0 = nugget effect, (C- C0) = structure variance (i.e., variability attributable to spatial
dependence), C = sill and a = (parameter) range.
3. Results and Discussion
3.1 Omnidirectional Variogram of Spectral Reflectance for a Cottonwood Plantation
To examine the spatial structure of spectral reflectance in cottonwood plantation, the spatial
dependent model variogram was calculated and fitted using extracted pixel values of PC1-
transferred image (which transferred from the original images taken on August 2, 2001, Fig. 2a)
The spatial structure (as modeled with a wave (hole-effect) variogram) of the omnidirectional
variogram of spectral reflectance is presented in Fig. 2b. As shown, the variogram rises initially as
distance increases, reaching a maximum and then oscillating around the sill corresponding to the
period of the range. The wave (hole-effect) model is written as γ(h) = C0+(C- C0){1-
[sin(4.4934h/a)]/ (4.4934h/a)}. For the regular wave (hole-effect) variogram model (Table 1), the
nugget effect C0 = 199.6, the sill C = 400.6, the structure variance (C- C0) = 200.4 and the range
a = 1.90 m, thus the model is: γ(h) = 199.6+200.4{1-[sin(4.4934h/1.9)]/ (4.4934h/1.9)}. For the
robust wave (hole-effect) variogram model the nugget effect C0 = 0, the sill C = 224.3, the
structure variance (C- C0) = 224.3 and the range a = 2.48 m, thus the model is: γ(h) = 224.3{1-
[sin(4.4934h/2.48)]/ (4.4934h/2.48)}. The robust variogram model is a modified regular
variogram model and more stable with data outliers (Cressie, 1993).
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A wave (hole-effect) model commonly occurs in agriculture where there is an alternating
pattern of crop rows and furrows (bare soil). In this study a first year rising plantation, with
altering rows of and bare soil, produces a drift pattern. The autocorrelation between observations
within a row is high whereas the autocorrelation between a row and bare soil is lower, resulting in
an alternating pattern of high and low correlations whose amplitude dies as the distance between
observations gets larger. The alternating pattern of trees and bare soil in a cottonwood plantation
is the major factor in determining the spatial structure of spectral reflectance.
The spatial dependence of spectral values was strong within 1.90-2.48 m, which corresponds
to approximately the average diameter of the tree canopies in the plantation for both the regular
and robust variogram. The nugget effect was 0 and 200.4 for robust and regular model,
respectively, indicating that the wave (hole-effect) model accounted for 50% - 100% of the
variability in reflectance.
3.2 Directional Variograms of Spectral Reflectance of  a Cottonwood Plantation
The directional variograms of reflectance exhibited three kinds of spatial structure (Table 1
and Fig. 3). The first structure as modeled by a linear model at the 0° orientation (angle class
value: clockwise from north to south) is presented in Fig. 3a. This variogram resulted in a positive
linear slope high variability as distance increased. It indicates that there is a long-range correlation
in this direction. There was no sill and range for the linear model. For convenience, we arbitrarily
defined the range as a = 300 (one can assign any positive value for range in a linear model) and
sill was from the calculated variogram for the arbitrarily defined range a.
The second structure as modeled by the wave (hole-effect) model at the 45° and 135°
orientations is presented in Fig. 3b and 3d, and the third structure as modeled by an exponential
model at the 90° orientation is present in Fig. 3c. The parameters for the models are presented in
Table 1. When comparing all the directional variograms except at the 0°, a similarity in sill (400-
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410 and 222-237 for regular and robust models, respectively) exists, suggesting that zonal
anisotropy, where the magnitude of spatial variation changes with direction is absent, suggesting
that the magnitude of the spatial variation in spectral reflectance did not change with orientation.
Directional variograms indicated differences in the range of spatial structure when comparing
the effective range at the 90° orientation (7.41 m and 5.70 m for robust and regular fitting
methods, respectively) with that at 45° and 135° orientation (2.64-2.82 m). For spatial structure of
a variable with respect to directions, spatial continuousness of the variable increases with an
increasing dependent range (Isaak and Srivastava, 1989; Rossi et al., 1992). In this case, the
largest range was found at the 90° orientation for both robust and regular models. It could be
explained by the fact that on August 2 the grass between individual trees in a row had greater
contribution of reflects to images (row orientation around 90° clockwise from N-S) whereas bare
soil (as a result of tilling) instead of grass between rows contributed more to images.
     There was no nugget effect for the robust model. For the regular model there were different
nugget effects at the 0°, 45° and 135°’s of orientation (0, 133 and 155.7, respectively). Suggesting
for the robust model that 100% of the variability was due to spatial dependence in reflectance. For
the regular model that 100%, 67% and 62% of the variability was due to the spatial dependence of
reflectance at 0°, 45° and 135°, respectively.
3.3 Spatial Distribution of Chrysomela scripta Population
Chrysomela scripta adult and larval population was investigated on three dates (July 25,
August 2 and September 25, 2001). The mean population (adults and larvae) per tree was 7.6
(SEM ±1.4), 13.6  (SEM ±1.7) and 10.7 (SEM ±0.5) for these dates listed above. Omnidirectional
variograms for both regular and robust models indicated a spatial dependence of C. scripta adult
and larval population among sample dates (Fig. 4). Directional variogram analysis for models
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indicated that there was a directional spatial dependence of C. scripta population for September
25 (Fig. 5).
A Gaussian and spherical function were best for modeling spatial structure of C. scripta
population. For July 25 and August 2 data, a Gaussian model described best the spatial structure
of the omnidirectional variogram of C. scripta adult and larval population for both the regular and
robust models (Table 2 and Fig. 4a and Fig. 4b). For September 25 data, the omnidirectional
variogram of C. scripta was best modeled by a spherical model (Table 2 and Fig. 4c). Indicating
that the distribution of C. scripta population was aggregated pattern in the field. The largest
distance of spatial dependence (range), from 64.95 to 447.50 m, varied among dates and the
fitting chosen model methods. Robust variogram model of C. scripta had nugget effects of 31.5,
101.8 and 16.2 (y-intercept) for July, August and September, respectively, while regular model
had that of 87.9, 250.9 and 21.3, respectively. This suggests that 65.7%, 59.8% and 64.4% of the
variability among sample pairs for the robust model was explained by the spatial dependence of
C. scripta for July, August and September, respectively, whereas 31.7%, 100% and 53.6% for the
regular model.
Directional variograms for the September 2001 data set for C. scripta adult and larval
populatoin are shown in Fig. 5 and associated parameters are given in Table 2. There was a
directional spatial dependence of C. scripta for data sets in July and August. At all four directions
the spatial structure of adult and larval population for September could be characterized by a
spherical model, suggesting that at all directions C. scripta is aggregated. As seen in Table 2, the
effective range and nugget varied among directions as well as for fitting method. For the robust
model, the range was 341.3 m, 453.0 m and 234.0 m at the 45°, 90° and 135°’s, respectively.
Suggesting that 90° is the largest spatial dependence continuousness of C. scripta counts. The
nugget effects were 14.44, 31.79 and 23.10 at the 45°, 90° and 135°’s, respectively. This explains
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86.9%, 30.3% and 70.0% of the total variation at 45°, 90° and 135°’s, respectively, due to the
spatial dependence of C. scripta adults and larvae among sample pairs.
For the regular model, the range was 327.00 m, 55.30 m and 89.58 m at 45°, 90° and 135°’s,
respectively. The largest spatial dependence continuousness of C. scripta adult and larval
population was in the 45° direction. The nuggets were 21.75, 27.08 and 16.64 at the 45°, 90° and
135°’s, respectively. This explains 75.6%, 36.7% and 70.5% of the total variation at direction 45°,
90° and 135°’s, respectively, due to the spatial dependence of C. scripta adults and larvae among
sample pairs.
Thus the largest variation in spatial dependence was found at 45°’s and the smallest variation
was found at 90°’s, indicating that anisotropy is present in directional variograms for C. scripta in
September. This agrees with Rossi et al (1992) that environmental factors associated with the
regular planting pattern of the plantation may have influenced the C. scripta population
distribution.
3.4 Spatial Dependence of Chrysomela scripta Damage
Chrysomela scripta feeding damage was investigated on two dates, July 25 and August 2,
2001. The mean damage rating was 0.75 (± SEM of 0.09) on July 25 compared with a mean 0.84
(± SEM of 0.06) on August 2. Omnidirectional variograms are presented in Fig. 6 for this period.
The estimating parameters are given in Table 3 for the variograms. The spatial structure of C.
scripta damage is best described as a Gaussian function. In the Gaussian model, the range of
spatial dependence is defined as the distance at which the variogram is 95% of the sill (Isaacs and
Srivastava, 1989) and the effective range is 3 a (a being the range of the model).  Thus, the
effective range of spatial dependence for C. scripta damage in July was 199 m and 229 m for the
regular and robust models, respectively. For August the effective range was 418.1 m and 1673.7m
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for the regular and robust models, respectively. The nugget effects for C. scripta damage were
0.3667 and 0.1605 (y-intercept) in July for the regular and robust models, respectively. This
indicates that 23.5 % and 22.5% of the variability among sample pairs in the regular and robust
models was explained by the spatial dependence of C. scripta for damage in July. For August the
nugget effects for the regular and robust model was 0.2684 and 0.0667, respectively, this indicates
that 43.4% and 94.1% was explained by the spatial dependence of C. scripta damage. The
aggregated spatial dependence was lower in July 2001 than in August 2001. The differences
between dates can be explained by the change in population densities over time. In August, many
C. scripta larvae hatched from egg masses and caused greater feeding damage.
4. Conclusions
We have shown that variograms can be used to quantify the spatial pattern of reflectance,
spatial structure and associated feeding damage of C. scripta in a 1st year rising cottonwood
plantation. Findings indicate that the wave (hole-effect) model provided the best statistical fit for
spectral reflectance at omnidirections, 45° and 135°. A linear model fit best the spectral
reflectance at 0° and an exponential model provided the best statistical fit at 90°. The distance of
spatial autocorrelation for spectral reflectance was 1.90 - 2.48 m at the omindirection. This spatial
dependent distance was approximately the average diameter of tree canopy. The models
accounted for 50-100% of the variability in spatial dependence for reflectance.
Spatial structure of C. scripta indicates that spatial dependence varied among dates and
directions. The spherical and Gaussian functions provided the best statistical fit for describing the
spatial distribution of C. scripta. The spatial structure of C. scripta was aggregated. The range of
spatial dependence varied from 64.95 to 477.50 m. Interpretation of the nugget indicates that the
model accounted for 30%-87% of the variability in spatial dependence of the C. scripta counts.
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Spatial dependence of damage resulting from C. scripta feeding suggests that the behavior of
directional variograms is similar for the four directions. The distribution of feeding damage,
which was aggregated, can be best modeled by a Gaussian function. The spatial dependence range
varied from 199 to 417.6 m for the regular model and varied from 229 to 1673.7 m for the robust
model. The spatial aggregated distribution of feeding damage explained 23.5% and 22.5% of total
variation for regular and robust models, respectively, in July 2001. In August the spatially
aggregated distribution of feeding damage explained 43.4% and 94.1% for regular and robust
models, respectively, which was higher than in July. The change is attributed to an increase in C.
scripta population densities.
Variograms can produce statistical models of insect counts and distribution of associated
damage, and these models can be applied on a large scale. Further research is required to evaluate
the stability of these models in space, different ages of plantations in time with respect to plant
phenology, as well as spacing in the cottonwood plantation. Variograms may be useful in the
future to examine the temporal and spatial changes in C. scripta populations as spatial patterns of
the population are obtained over time. There is a need to examine the relationship between C.
scripta counts, spatial pattern of damage and spectral reflectance pattern over large landscapes.
Based on the variogram model, the unsampled values (such as insect counts, insect damage) in a
landscape can be estimated. The map of population density or damage degree can be produced
over the landscapes. It is very useful for specific-site pest management.
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Table 1. Geostatistical models, parameters and p-values of spectral reflectance for a 1st year rising
cottonwood plantation on Togo Island, south of Vicksburg, Mississippi for omnidirectional and
















Regular Wave 199.6 400.6 200.4 1.90 1.90 <0.0001Omni-
Direction Robust Wave 0 224.3 224.3 2.48 2.48 <0.0001
Regular Linear 390.6 971.7 - 300 - 0.7583
0° Robust Linear 223.6 865.3 - 300 - 0.7033
Regular Wave 133.0 401.0 268.0 2.82 2.82 <0.0001
45° Robust Wave 0 222.0 222.0 2.80 2.80 <0.0001
Regular Exponential 0 413.5 413.5 1.90 5.70 <0.0001
90° Robust Exponential 0 237.2 237.2 2.47 7.41 <0.0001
Regular Wave 155.7 405.3 249.6 2.65 2.65 <0.0001
135° Robust Wave 0 232.8 232.8 2.64 2.64 <0.0001
* Models for the variogram were expressed as either linear, γ(h) = C0+(C- C0)(h/a),
exponential, γ(h) = C0+(C- C0)[1- exp(-h/a)], or wave (hole-effect), γ(h) = C0+(C-
C0){1-[sin(4.4934h/a)]/ (4.4934h/a)} functions, where parameters have the following
interpretations: h = lag class interval, C0 = nugget effect, (C- C0) = structure variance (i.e.,
variability attributable to spatial dependence), C = sill and a = (parameter) range. For
linear model, there is no range and sill. Here its range is arbitrarily for fitting model (for
convenience and sill is the calculated variogram for the arbitrarily defined a. Exponential
model, its effective range is a3 .
** p is p-value produced in SAS PROC NLIN procedures to test significance of model.
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Table 2. Geostatistical models, parameters and p-value of Chrysomela scripta adult and larval
population for a 1st year rising cottonwood plantation on Togo Island, south of Vicksburg,
Mississippi for omnidirctional and directional (i.e. at 0°, 45°, 90° and 135°’s orientation relative















Regular Gaussian 87.90 128.70 40.8 169.2 293.1 0.0618
7/25/01
Omni-
direction Robust Gaussian 31.50 91.90 60.4 192.1 332.7 0.0275
Regular Gaussian 250.9 8.61e6✝ 8.61e6✝ 1.27e5✝ 2.20e5✝ 0.0094
8/02/01
Omni-
direction Robust Gaussian 101.8 253.50 151.7 275.7 477.5 0.0024
Regular Spherical 21.28 45.90 24.62 70.0 70.0 0.1861
9/25/01 Omni-direction Robust Spherical 16.21 45.54 29.33 64.95 64.95 0.3222
0°*** Regular Spherical 19.68 1.06e9✝ 1.06e9✝ 3.33e9✝ 3.33e9✝ 0.0026
Robust Spherical 23.08 14719 14696 43702 43702 0.0140
45° Regular Spherical 21.75 89.23 67.48 327.0 327.0 0.0132
Robust Spherical 14.44 109.90 95.46 341.3 341.3 0.0149
90° Regular Spherical 27.08 42.77 15.69 55.53 55.53 0.6383
Robust Spherical 31.79 45.61 13.82 453.0 453.0 0.2447
135° Regular Spherical 16.64 56.36 39.72 89.58 89.58 0.1874
Robust Spherical 23.10 76.90 53.80 234.0 234.0 0.0789
* Models for the variogram were expressed as either spherical, γ(h) = C0+(C- C0)[1.5(h/a)-
0.5(h/a)3] or Gaussian, γ(h) = C0+(C- C0){1- ex[-(h/a)2 functions, where parameters have the
following interpretations: h = lag class interval, C0 = nugget effect, (C- C0) = structure variance
(i.e., variability attributable to spatial dependence), C = sill and a = (parameter) range. For
Gaussian variogram mode, its effective range is a3 .
** p is p-value produced in SAS PROC NLIN procedures to test significance of model.
*** Only six variogram points at this direction.
✝   a number in scientific notation, i.e., 8.61e6 denoted 8.61×106, 1.06e9 denoted 1.06×109 and etc.
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Table 3. Geostatistical models, parameters and p-value of Chrysomela scripta damage rate in the
















Regular Gaussian 0.3667 0.4792 0.1125 114.9 199.0 0.0425
7/25/01 Robust Gaussian 0.1605 0.2070 0.0465 132.2 229.0 0.5082
Regular Gaussian 0.2684 0.4744 0.2060 241.4 418.1 0.00318/02/01 Robust Gaussian 0.0667 1.1222 1.0555 966.3 1673.7 0.0182
* Models for the variogram were expressed as Gaussian, γ(h) = C0+(C- C0){1- ex[-
(h/a)2 functions, where parameters have the following interpretations: h = lag class
interval, C0 = nugget effect, (C- C0) = structure variance (i.e., variability attributable
to spatial dependence), C = sill and a = (parameter) range. For Gaussian variogram
mode, its effective range is a3 .
** p is p-value produced in SAS PROC NLIN procedures to test significance of model
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Figure 1. A typical variogram or semivariogram. The key parameters of a semivariogram are sill
(C), nugget (C0), range (a), and structural variance (C- C0).
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Figure 2.  (a) Geo-referenced image (partial) of the 1st year rising cottonwood plantation taken on
Aug. 2, 2001 using Kodak DCS420 CIR digital camera on Togo Island, south of Vicksburg, MS.
(b) Plot of experimental omnidirectional variograms and fitted wave (hole-effect) model for the
reflectance values in the 1st year rising cottonwood plantation. Data were from PCA-transferred
images based on an original image in (a). Red squares represent experimental variogram values
calculated using a regular variogram fitting method (denoted as Experimental Regular). The blue
solid line with circles represents fitted variogram model for the regular variogram values (denoted
as Theoretical Regular). Green stars represent the experimental variogram values calculated using
a robust variogram fitting method (denoted as Experimental Robust). The black solid line with






























Figure 3. Plot of experimental directional (anisotropic) variogram and fitted model for the
reflectance values in a 1st year rising cottonwood plantation at the (a) 0° orientation -- linear
variogram model,  (b) 45° orientation -- wave (hole-effect) variogram model, (c) 90° orientation -
- exponential variogram model, and (d) 135° orientation -- wave (hole-effect) variogram model.
Red squares represent experimental variogram values calculated using a regular variogram fitting
method (denoted as Experimental Regular). The blue solid line with circles represents fitted
variogram model for the regular variogram values (denoted as Theoretical Regular). Green stars
represent the experimental variogram values calculated using a robust variogram fitting method
(denoted as Experimental Robust). The black solid line with circles represents a fitted variogram































































































Figure 4. Plot of experimental omnidirectional (isotropic) variogram and fitted model for C.
scripta adult and larval population in the 1st year rising cottonwood plantation on (a) July 25,
2001, (b) August 2, 2001 and (c) September 25, 2001 on Togo Island, south of Vicksburg,
Mississippi. Red squares represent experimental variogram values calculated using a regular
variogram fitting method (denoted as Experimental Regular). The blue solid line with circles
represents fitted variogram model for the regular variogram values (denoted as Theoretical
Regular). Green stars represent the experimental variogram values calculated using a robust
variogram fitting method (denoted as Experimental Robust). The black solid line with circles


































































Figure 5. Plot of experimental directional (anisotropic) variogram and fitted model for C. scripta
adult and larval population in the 1st year rising cottonwood plantation on Togo Island, south of
Vicksburg, Mississippi on September 25, 2001, at the (a) 0°, (b) 45°, (c) 90° and (d) 135°
orientations. Red squares represent experimental variogram values calculated using a regular
variogram fitting method (denoted as Experimental Regular). The blue solid line with circles
represents fitted variogram model for the regular variogram values (denoted as Theoretical
Regular). Green stars represent the experimental variogram values calculated using a robust
variogram fitting method (denoted as Experimental Robust). The black solid line with circles





















































































Figure 6. Plot of experimental omnidirectional (anisotropic) variograms and fitted model for
feeding damage rate by C. scripta adults and larvae in the 1st year rising cottonwood plantation on
Togo Island, south of Vicksburg, Mississippi on July 25, 2001 (a) and August 2, 2001 (b). Red
squares represent experimental variogram values calculated using a regular variogram fitting
method (denoted as Experimental Regular). The blue solid line with circles represents fitted
variogram model for the regular variogram values (denoted as Theoretical Regular). Green stars
represent the experimental variogram values calculated using a robust variogram fitting method
(denoted as Experimental Robust). The black solid line with circles represents a fitted variogram








































SPECTRAL REFLECTANCE CHARACTERISTICS OF SIMULATED
DEFOLIATION LEVELS BY THE COTTONWOOD LEAF BEETLE,
CHRYSOMELA SCRIPTA F., IN A COTTONWOOD PLANTATION 1
ABSTRACT
Remote sensing may be a useful tool in identifying and quantifying insect defoliation. A field
study was undertaken to determine if there was a difference in reflectance of cottonwood trees
with varying degrees of defoliation using a GER 1500 hyper-spectroradiometer. The instrument
detects 512 continuous bands from 290-1090 nm. Our objectives were to describe the specific
spectral characteristics associated with various simulated levels of defoliation and to determine
wavelengths at which reflectance was most responsive to the different levels. Reflectance spectra
of cottonwood trees with different levels of defoliation were similar patterns. Relatively high
reflectance was located in the spectrum from 291-350 nm in the near ultraviolet (9.2-18.9%
reflectance), 530-640 nm in the visible spectrum (9.9-15.7%) and 745-1090 nm in the near-
infrared range (33.1- 50.2%).  The lowest reflectance was observed in the violet-blue range 398-
409 nm (<4.5%) and 670-680 nm in red the range (5.5-7.9%).  Spectral signature analysis
indicated that when comparing the 25%, 50% and the 75% defoliation to 0% defoliation rates,
maximum reflectance differences were found at 294 nm in the ultraviolet, 550 nm in the visible
                                                          
1 Prepared in style and format for Journal of Economic Entomology
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spectrum and 764 nm in the near infrared spectrum. The highest reflectance sensitivity occurred
between 528-557 nm in the visible spectrum. High sensitivities were also found between 730-740
nm and 930-940 nm in the infrared spectrum. For the range 950-1090 nm, reflectance sensitivities
were quite consistent for various defoliation levels. Comparison analysis indicated that reflectance
at 734-891 nm and 895-1090 nm in the near infrared spectrum was useful in differentiating non-
defoliated and defoliated trees. Bands from 892-894 nm were best useful for separating various
defoliation levels.




The cottonwood leaf beetle (CLB), Chrysomela scripta F., is a serious defoliator of
cottonwood (Populus) in the United States and Canada. The CLB has a significant economic
impact on this short-rotation woody crop system (Burkot and Benjamin, 1979; Harrell et al.,
1981; Drooz, 1985). Both adults and larvae damage cottonwood by feeding on young leaves and
shoots (Burkot and Benjamin, 1979; Harrell et al., 1982; Bingaman and Hart, 1992). Feeding by
larvae has the greatest impact on tree growth and biomass accumulation. When the larvae are very
young, damage appears as skeletonized leaves and as the larvae progress the damage appears as
shot holes, following by entire leaves and terminals being consumed. Heavy feeding can result in
terminal dieback, growth reduction, and mortality in young stands (Calbeck et al., 1978; Bassman
et al., 1982; Reichenbacker et al., 1996; Fang and Hart, 2000; Coyle et al., 2001; Kosola et al.,
2001).
Detection and monitoring systems, for the CLB defoliation, have not been developed.
Accurate and timely determination of the location and levels of defoliation could greatly aid in the
management of this species. One potential approach would be use of remote sensing technology
to detect defoliation over large areas. This would improve the efficiency of field monitoring and
mapping infested areas (Franklin and Raske, 1994; Muchoney and Hacck, 1994; Everitt et al.,
1996, 1997a, 1997b; Carter et al., 1998; Royle and Lathorp, 2002). Since reflectance of the
canopy usually reveals the condition of the tree, the spectral properties of cottonwood trees may
make it possible to accurately determine defoliation levels.
Recent efforts have examined technologies involving hyperspectral data to determine
relationship between reflectance and plant growth, crop yield, chlorophyll content and plant stress
as a results nitrogen deficiencies, drought, herbicide damage, attacks of pathogens and insects
(Carter, 1993; Filella et al., 1995; Gitelson and Merzlyak, 1996; Lichtenthaler et al., 1996; Riedell
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et al., 1999; Aparicio et al., 2000; Osborne et al., 2002). Leaf reflectance changes in response to
stressing agents have been documented (Carter et al., 1992, 1996; Malthus and Madeira, 1993).
However, the spectral regions or wavelengths at which leaf reflectance is most responsive to the
stress related change remains largely undefined, and the extent to which particular stress agents
yield spectrally unique leaf reflective responses has not been established (Jackson et al., 1986;
Carter, 1993). Thus, our objectives were to: (1) describe and understand the specific spectral
characteristics of cottonwood trees having different simulated defoliation levels; (2) determine the
wavelengths at which reflectance was most responsive to the different defoliation levels; and (3)
determine which bands in the reflectance spectrum could be used to distinguish levels of
defoliation.
MATERIALS AND METHODS
Study Site and Experimental Setup
A Populus plantation in Leflore County near Sidon, Mississippi was selected for study. The
plantation was established on a 2.74 m × 2.74 m spacing in 1999. Two (4 x 4 trees) plots were
selected on July 3, 2002. White sheets, ~1 m2, were placed in the center of each plot as reference
points.  Within each plot, trees and ground cover conditions were similar. Each plot was divided
into four 4-tree subplots. One of four defoliation levels was randomly assigned to the 4-tree
subplot within the plot, resulting in a randomized complete block design with two blocks and four
treatments. Four artificial defoliation levels (0%, 25%, 50% and 75%) were applied to trees in a
pattern designed to simulate CLB damage to Populus by removing or partially removing the leaf
plastochron index LPI 0-10 leaves.
The LPI was described by Erickson and Michelini (1957), Larson and Isebrands (1971) and
Ceulemans (1990). A leaf with a lamina length of 3cm is LPI0 (Bingaman and Hart, 1992). The
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leaves below LPI 0 are referred to as LPI 1, LPI 2, LPI 3 and so forth. The artificial defoliation
levels also corresponded to a damage rating scale proposed by Bingaman and Hart (1992). The
rating scale consisted of five categories: 0 = no feeding on LPI 1-10, 0% defoliation; 1 = light
feeding, sample feeding 1-25% on LPI 1-10 missing; 2 = light to moderate feeding, 25-50% of
LPI 1-10 missing; 3 = moderate to heavy feeding, 50-75% of LPI 1-10 missing, main leader
intact; and 4 = heavy feeding, >75% of LPI 1-10 missing, main leader and terminal bud heavily
damaged or destroyed.
Mechanical defoliation took place on July 23, 2002 and a re-defoliation on August 6, 2002.
Tree defoliation was accomplished using a device that consisted of a 1.22 m PVC pole (pole
length =1.22 m and PVC pipe diameter = 6.0 cm) with 4 segments of rubber clothesline  (diameter
0.8 cm) 0.30-0.41 m long attached to one end. Treble hooks 8.0cm long with barbed ends cut-off
were then attached to the end of each line. The whipping of the defoliator caused tearing and
removal of the LPI 0-10 leaves in the upper crown with some terminal damage that was similar to
that caused by the CLB. The 25% defoliation rate was accomplished by removing the LPI 1-10
from the top quarter of the tree with the defoliation instrument. The 50% defoliation rate was
accomplished by removing the LPI 1-10’s in the top half of the tree. In like manner, the 75%
treatment was applied to the top three-quarter of the tree canopy as for the 25% treatment. The 0%
treatment represented the controls.
Spectral Reflectance Measurements
A GER 1500 spectroradiometer (Geophysical & Environmental Research Corporation,
Millbrook, NY) was used to take hyperspectral reflectance measurements. The instrument detects
512 continuous bands from 290 –1090 nm with spectral resolution between 1.46-1.50 nm, thereby
covering the ultraviolet, visible and near-infrared portions of the spectrum. Measurements were
taken at heights of 0.5-1.0 m above each tree canopy in the experimental plots during 8:30am –
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16:30pm on August 28, 2002, with an 8° field of view and the radiometer in a nadir orientation.
All measurements were made under cloudless conditions. Three readings for each wavelength for
each tree were averaged to get a representative reading for each individual tree canopy. A
standard reflectance measurement of a white reference panel (GER) was made immediately before
each spectral measurement. Reflectance of bare soil, grass (Andropogon spp. and Aster spp. are
dominant species) and white sheets were also made on the same day. Measurements were
transformed into percent reflectance using the GER reference panel for total radiance.
Data Processing and Analysis
The effects of defoliation level on reflectance are difficult to evaluate quantitatively (Carter,
1993) if the data are only presented as reflectance vs. wavelength. Therefore reflectance
difference and reflectance sensitivities (Carter, 1993) were used to identify specific wavelengths
in which reflectance was most strongly affected by levels of defoliation. Reflectance sensitivity
analysis (Cibula and Carter, 1992; Carter, 1991, 1993) was performed to determine the
wavelength in which tree reflectance was most responsive in reference to a defoliation level. The
spectral reflectance of eight trees in each treatment was averaged for each wavelength to represent
reflectance of each treatment. The reflectance differences were then computed by subtracting the
mean reflectance of the control trees (0% defoliation or a reference defoliation treatment) from
that of trees from each treatment level for each spectroradiometer channel as described by Carter
(1991, 1993). This difference was divided by the mean reflectance of the control trees to obtain
the relative change in reflectance, or reflectance sensitivity, to defoliation level.
Reflectance data in all 512 wavelength were subjected to analysis of variance (ANOVA)
(SAS Institute, 2000). With the occurrence of a significant ANOVA test, means were separated
using the LSD option at α = 0.05. Sensitivities were defined as significant if the associated
differences were significant (Cibula and Carter, 1992; Carter, 1991, 1993). Peaks in the
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reflectance difference and peaks in the reflectance sensitivity curve indicate the wavelength in
which the defoliation level should be an indicator for producing the greatest contrasts in levels of
defoliation.
RESULTS AND DISCUSSION
Spectral Features of Reflectance Spectra of Cottonwood and Ground Covers
A typical reflectance spectrum for cottonwood trees with different levels of defoliation and
ground cover is shown in Fig. 1. All defoliation levels had a similar pattern. The spectra were
characterized by a moderate reflectance in a wide range of the spectrum from 291-350 nm in the
near ultraviolet (9.2-18.9% reflectance) and 530 to 640 nm in the visible spectrum (9.9-15.7%),
and by a high reflectance in the near-infrared 745-1090 nm range (33.1- 50.2%). The lowest
reflectance was observed in the violet-blue range 398-409 nm (<4.5%) and near 670-680 nm in
the red range (5.5-7.9%).
In the visible range, peak reflectance was found near 554 nm which corresponds to the green
band. This could be explained by in that the portion of the incident radiation is not absorbed by
the chlorophyll pigment (Hinzman et al., 1986; Guyot, 1990). A reflectance dip occurs around
677 nm which corresponds to the color red and is primarily due to absorption by chlorophyll.
According to Verbyla (1995), major plant pigments such as chlorophyll a and b absorbs energy in
the blue (440 to 480 nm) and in the red (640 to 660 nm) range. In the near-infrared spectrum (700-
1090 nm), relatively high reflectance values depend on the internal leaf structure and space size in
the mesophyll (Guyot, 1990). Guyot (1990) and Penuelas et al. (1997) suggested that the high
consistent reflectance in the near-infrared spectrum corresponds with that spectral region where
leaf pigments and the cellulose of the cell wall are transparent, and thereby the incoming radiation
is either reflected or transmitted.
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Reflectance Comparison Among Various Levels of Defoliation
Comparison of 25, 50 and 75% defoliation levels with 0% defoliation. The reflectance for
zero percent defoliation was greater, in the entire spectral range (290 to 1090 nm), than the 25, 50
and 75% defoliation rates (Fig.1). Comparing 25, 50 and 75% defoliation rates to 0% defoliation,
maximum reflectance differences were located at 294 nm in the ultraviolet spectrum (range 291-
320 nm), near 550 nm (range 536-569 nm) in the visible spectrum and near 764 nm (range 730-
793 nm) in the near-infrared (Fig. 2). The smallest differences in the visible spectrum were
reached at 400 - 413 nm (range 400 – 420 nm) and near 677 – 678 nm (range 670 – 680 nm). In
the near-infrared spectrum minimum difference occurred at 929 - 931 nm.
Reflectance sensitivities for the 25, 50 and 75% defoliation rates compared to zero percent
defoliation are presented in Fig. 3. For the 25, 50 and 75% rates, sensitivities were relatively high
between 490 to 590 nm. The peak wavelengths of sensitivities were in the range from 528-557 nm
in the visible spectrum.  There was no obvious peak in reflectance sensitivities in the near-infrared
spectrum. However, high sensitivities of reflectance were located in the 730-740 nm range and
near 930-940 nm. From 950 to 1090 nm sensitivities were quite consistent for the various
defoliation levels. High reflectance sensitivity was also found in the 358-365 nm range in the
ultraviolet spectrum.
In summary, reflectance differences for the 25, 50 and 75% defoliation rates as compared zero
percent defoliation were higher in the near-infrared spectrum range than in the ultraviolet and
visible spectrum range (Fig. 2). However reflectance sensitivities were lower in the near-infrared
spectrum than in the visible spectrum (Fig.3).
Comparison of 50 and 75% defoliation rates with 25%. Comparing the 50 and 75%
defoliation rates to the 25% defoliation, maximum reflectance differences were found around 300-
346 nm for 50% defoliation and near 290-348 nm for 75% in the ultraviolet spectrum (Fig. 4).
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Differences were less than 0.5% from 350 to 696 nm in the near ultraviolet and visible spectrum.
In the near-infrared range, peak wavelengths of differences were located around 855-893 nm for
75% defoliation (Fig. 4). In the entire spectrum 290-1090 nm, differences between 50%
defoliation and 25% defoliation were less than 2% (most less than 1%).
The maximum sensitivities for the 50% defoliation rate were found at 360-380 nm in the
ultraviolet range and near 675 nm in the visible spectrum. For the 75% defoliation rate, maximum
sensitivities were located between 290-350 nm, near 460 nm, and beyond 790 nm (Fig. 5).
Comparison of 75% defoliation level with 50% level. The peak wavelengths of reflectance
difference between 75% defoliation and the 50% defoliation rate occurred near 330 nm and
beyond 775 nm (Fig. 6). Differences in the near-infrared spectrum were much greater than that in
the ultraviolet and visible spectrum. The NIR band may use to differentiate 50% and 75%
defoliation. The sensitivities were consistent except for maximum sensitivities that occurred
around 335 nm (Fig. 7). Sensitivities were very small across the measured 512 bands.
Significant comparison for reflectance difference and sensitivity. There were no
significantly differences in reflectance among defoliation levels from 290 to 713 nm. For the
range 734 to 891 nm, as well as 895 to 1090 nm, 0% defoliation was significantly different from
25, 50 and 75% defoliation in reflectance. For the range 892 to 894 nm, there were significant
differences in reflectance between 0% and 25%, 50% as well as 75% defoliation. There were also
significant differences between 75% and 25% as well as 50% defoliation. But there was no
significant difference between 25% and 50% defoliation. When comparing 0% defoliation rate to
25, 50 and 75% defoliation rates, the reflectance difference and sensitivity were significantly
different in the range from 734 to 1090 nm. These results suggested that reflectance in the bands
from 892-894 nm are the best useful for separating defoliation levels.
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Fig. 1. Reflectance spectra of cottonwood trees with four different levels of artificial defoliation
(0%, 25%, 50% and 75%) compared to bare soil, grasses and reference points (white sheets).




































Fig. 2. Reflectance differences of cottonwood trees compared 25%, 50% and 75% defoliation
levels to 0% defoliation level from the spectrum 290 to 1090 nm. Visible wavelengths are within































Fig. 3. Reflectance sensitivities of cottonwood trees for 25%, 50% and 75% defoliation levels as






























Fig. 4. Reflectance differences of cottonwood trees compared 50% and 75% defoliation levels to
25% defoliation level between the spectrum 290 to 1090 nm. Visible wavelengths are within 400-































Fig. 5. Reflectance sensitivities of cottonwood trees for 50% and 75% defoliation levels as


























Fig. 6. Reflectance differences of cottonwood trees compared 75% defoliation level to 50%
defoliation level between the spectrum 290 to 1090 nm. Visible wavelengths are within 400-700

























































Relationship Between Spectral Reflectance, CLB Defoliation and Ground Cover Types
Populus trees were artificially defoliated to simulate damage by the cottonwood leaf beetle,
Chrysomela scripta F., at four different levels (0%, 25%, 50% and 75%). Based on high-
resolution aerial multispectral images acquired using an airborne GeoVantage remote sensing
system with spectral bands centered at 450 ± 10 nm (blue), 550 ± 10 nm (green), 650 ± 10 nm
(red), and 850 ± 10 nm (near infrared, NIR), results indicated that reflectance values significantly
differed for all four bands when comparing cut-grass and uncut-grass treatments. The vegetation
indices, normalized difference vegetation index (NDVI) and simple vegetation index (SVI),
significantly differed between cut-grass and uncut-grass treatments. The reflectance values at the
three visible wavelengths indicated that interactions between background and defoliation
treatments were highly significant, suggesting that the magnitude of the reflectance difference
between simulated defoliation treatments depended on whether the grass was cut or not. There
were no significant interactions between background treatments and defoliation treatments for
reflectance in the NIR. For the vegetation indices NDVI and SVI, there were no interactions
between background and defoliation treatments. The magnitude of reflectance difference in the
NIR and the differences in vegetation indices, between simulated defoliation rates, did not depend
on background treatment.
By analyzing reflectance values in the NIR, the 0% and 25% simulated defoliation could be
differentiated from the 75% defoliation rate. By using derived vegetation indices such as NDVI1,
NDVI2 and SVI1 and SVI2 calculated from reflectance values in NIR and red wavelengths, the
0% and 25% simulated defoliation levels could be separated from the 50% and 75% defoliation.
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treatment. As stated above, the magnitude of reflectance in the NIR and magnitude of difference
in vegetation indices between defoliation treatments did not depend on background. Thus NIR and
vegetation indices are better indictors for separating defoliation rates. The understory did
influence reflectance. It should be consider when using reflectance or the vegetation indices for
separating defoliation rates.
Reflective differences of ground cover types (bare soil, trees and grass (dominated by
Andropogen spp. and Aster spp.)) were significantly in all four wavelengths (blue, green, red and
NIR). There were differences among covers when applying vegetation indices NDVI and SVI.
Ground cover types (bare soil, trees and grass) could be identified and classified using the
GeoVantage remote sensing system data.
From color infrared (CIR) images, taken with a Kodak DCS420 high-resolution CIR digital
camera in the 500-810 nm wavelength range (green, red and NIR bands), cottonwood trees could
be separated from other cover types (grass, bare soil, and reference points) using reflectance in
these bands. NIR was the best at distinguishing natural CLB defoliation and associated cover
types. NDVI and SVI were useful in discriminating green-cover types (trees and grass) from non-
green cover types (bare soil and white sheets). Reflectance values (at green, red and NIR bands)
for this system could be used in detecting and differentiating heavy feeding (defoliation rates >
50%) from light feeding (defoliation rates <50%). But it was difficult to detect the lighter feeding
levels (rated as 0, 1 and 2).
The handheld multispectral radiometer MSR87 (with eight narrow wavelengths: 460, 510,
560, 610, 660, 710, 760, and 810 nm) was also used to investigate the relationship between
reflectance and simulated defoliation levels. Band correlation analysis indicated that wavelengths
could be divided into two groups: the visible bands (460, 510, 560, 610, 660 and 710 nm) and the
near infrared (760 and 810 nm). Correlation coefficients indicated that reflectance values were
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highly correlated (r > 0.80) within groups but less so between groups. Bands within the visible
range were negatively correlated with vegetation indices NDVI and SVI, whereas bands in the
near infrared group were positively correlated to these indices and varied among measurement
dates. Spectral response analysis indicated that NIR wavelengths (760 nm and 810 nm) were the
most useful bands in differentiating high and low defoliation rates. Vegetation indices were more
sensitive in detecting defoliation levels than reflectance values overall. The highest defoliation
levels had the greatest contrast with the controls. These results indicate that the key wavelengths
can be selected to discriminate defoliation levels.
Spectral Reflectance Characteristics of Cottonwood Trees with Various Levels of Defoliation
Handheld hyperspectral GER 150 spectroradiometer (512 bands range from 290 – 1090 nm)
was used to investigate the characteristics of spectral reflectance of simulated defoliation levels.
The reflectance spectra of different levels of defoliation were similar. Relatively high reflectance
was observed in the near ultraviolet spectrum 291-350 nm (9.2-18.9% reflectance), in the visible
spectrum 530 to 640 nm (9.9-15.7%), and in the near-infrared range 745-1090 nm (33.1- 50.2%).
The lowest reflectance was observed in the violet-blue range 398-409 nm (<4.5%) and near 670-
680 nm in red range (5.5-7.9%).  Spectral signature analysis indicated that when comparing the
25, 50 and 75% defoliation to the 0% defoliation rates, maximum reflectance differences were
found near 294 nm in the ultraviolet, 550 nm in the visible and 764 nm in the near infrared
spectrum. The highest reflectance sensitivity occurred between 528-557 nm in the visible
spectrum. High sensitivities were also found between 730-740 nm and 930-940 nm in the infrared
spectrum. For the range 950-1090 nm, reflectance sensitivities were quite similar for the various
defoliation levels. Comparison analysis indicated that reflectance at 734-891 nm and 895-1090
nm in the near infrared spectrum was useful in differentiating non-defoliated and defoliated trees.
Defoliation levels were best separated using the bands in the 892-894 nm range, which
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differentiated three defoliation groups – 0% defoliation, 25% and 50%, and 75%. Based on these
results, wavelengths center at 294 nm, 550 nm, 760 nm, 891 nm and 935 nm should be first
considered in investigating CLB defoliation, especially, and bands from 892-894 nm should be
given priority.
Spectral Pattern of Cottonwood Plantations
Based on the principal component analysis (PCA)-transferred image (obtained from images
taken with a Kodak DC420 CIR digital camera), the first two principal components accounted for
most of the spectral variability in the data. Over 99% of the spectral variance for both August and
October were explained by the first two principle components (PC). The NIR and red bands
contributed most to the spectral variance of the first PC. The third PC accounted for <1% of the
variance.
 Spectral variation was observed in the cottonwood plantation over time. As trees grew, the
change in spectral reflectance was mostly contributed by NIR when there was only one ground
cover type (bare soil). When there was more than one ground cover type, variation was in the NIR
and red bands.
Spatial Structure of Reflectance, CLB and Associated Damage
Spectral spatial analysis for the first year rising cottonwood plantation indicated that a wave
(hole-effect) model provided the best statistical fit for spectral reflectance at the omnidirection,
45° and 135° directions (data used from images taken with a Kodak DCS420 CIR digital camera).
A linear model best fits for the spectral reflectance at 0°’s and an exponential model provided the
best statistical fit of spectral reflectance at 90°’s. Within the distance 1.90 - 2.48 m, there was a
significant spatial autocorrelation of reflectance at the omnidirection. The distance was
approximately equal to the average diameter of the tree canopy. Variogram models accounted for
50-100% of the variability in spatial dependence with respect to reflectance.
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Spatial structure of CLB adult and larval populations indicated that the spatial dependence
varied among dates and directions for data from ground survey. Spherical and Gaussian functions
provided the best statistical fit for CLB adult and larval spatial distributions. The spatial
distribution of CLB adult and larval population was aggregated. The range of spatial dependence
varied from 64.95 to 477.50 m. Interpretation of the nugget of the spatial structure suggests that
the models accounted for 30%-87% of the variability in spatial dependence for the CLB adult and
larval population.
The spatial distribution of feeding damage (data from ground survey) was aggregated and best
modeled by a Gaussian function. The spatial dependence range varied from 199.0 to 417.6 m for
the regular model and 229 to 1673.7 m for the robust model. The spatially aggregated distribution
of feeding damage explained 23.5% and 22.5% of the total variation for the regular and robust
models, respectively, in July 2001. For August 2001 the spatial aggregated distributions of
feeding damage explained 43.4% and 94.1% of the variation by the regular and robust models,
respectively, which was higher than in July 2001. The change of the spatial structure is attributed
to an increase of CLB population densities.
The spatial dependent models can be used for estimation of values using kriging techniques
that can be used to map of CLB population densities and defoliation rate in space. These maps can
be used for site specific CLB management.
Image Classification for Cottonwood Plantation and Damage of Cottonwood Leaf Beetle
Using supervised and unsupervised classification techniques, cottonwood trees were
distinguished clearly from their background in the first year rising plantation (data from images
taken using Kodak a DCS420 CIR digital camera and RDACS).  The supervised classification
algorithm was able to consistently identify the bare soil, trees and grass. It was, however, difficult
to discriminate between the natural low defoliation rates of 0 (no feeding), 1 and 2 rates. The
158
unsupervised classification method could not distinguish trees and reference points. Light
damages (rated as 1 or 2) could not be distinguished from no feeding with either classification
system. Since no heavy feeding was found, it is not know if heavy feeding can be separated from
light or non-feeding using these techniques. For a second year rising plantation, the trees could be
distinguished from the backgrounds.  In some cases, it was difficult to distinguish between the
grass and trees using unsupervised classification.
Future Research Needs
Studies of varying rates of natural defoliation are needed, especially the higher rates. Studies
of other defoliator damage are also required to determine if defoliation by different species can be
separated. Hence additional studies and comparisons of defoliation by other insects in cottonwood
plantations is required while using remote sensing technologies.
This study has demonstrated that variograms can produce statistical models for the spatial
structure of CLB populations and associated defoliation. These models can be extended to a
regional scale. Further research is required to evaluate the stability of these models at this scale.
Cottonwood plantations of different ages, spacing and species, as well as plant phenology need
also to be studied. Variograms need to be used to examine the temporal and spatial changes in
CLB populations through a complete rotation.
Developments and application of geospatial information technologies including remote
sensing, geographic information systems (GIS), global positioning systems (GPS) and
geostatistics in entomology have opened new areas for entomological investigations. I feel that it
is very important to be able to predict where CLB is occurring and at what percent defoliation is
occurring. A geographic database of cottonwood plantations and associated pests should be
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developed and maintained at the landscape level. This would assist in producing guides for
cottonwood growers and pest managers when making management decisions.
Finally, hyperspectral radiometric data showed that some bands are better at discriminating
different levels of cottonwood defoliation. I believe that more hyperspectral imagery is also
needed.  This area was only brief touched in this study.
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BRIEF INTRODUCTION TO PRINCIPAL COMPONENT ANALYSIS
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The following statistical brief is provided to introduce terms and references to principal
component analysis (PCA).
The purpose of principal component analysis (PCA) (Rao, 1964) is to derive a small number
of linear combinations (principal components) of a set of variables that retain as much of the
information in the original variables as possible. PCA involves a mathematical procedure that
transforms a number of (possibly) correlated variables into a (smaller) number of uncorrelated
variables called principal components. The first principal component accounts for as much of the
variability in the data as possible, and each succeeding component, which is orthogonal to other
components, accounts for as much of the remaining variability as possible. The sum of the
variance in all the components is equal to the total variance that presents in the original input
images. The number of components is always equal to the number of original variables. One
major use of PCA is to reduce the number of variables that are needed for analysis, that is,
dimensionality reduction. For example, PCA can be applied to remotely sensed data such as
Landsat TM images for classification. The Landsat TM has six reflective bands and only the first
three components used for color compositing, digital analysis, and/or classification. These first
three components will have a large percent of the total variance present in the original six Landsat
TM bands. The reduction in dimensionality is often desired because of the large volume of data
that are present and because of the computational demands or the three bands limit in color
compositing. Haan (1986), Chavez and Kwarteng (1989) and Weber Oliver (1990) provides
primers on PCA with examples. The detailed application of principal component analysis was
given by Rao (1964), Morrison (1976) and Mardia et al. (1979).
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APPENDIX B
BRIEF INTRODUCTION TO GEOSTATISTICS
172
Many natural processes exhibit a correlation in the spatial dimension. For instance, plant
species and densities are generally different on north-facing vs. south-facing slopes. Places that
are near to each other are more alike than those that are further apart and the degree of
dissimilarity depends on both the environment and the nature of our observations. A spatial data
set that follows this conception is said to be autocorrelated. Geostatistics focuses on the detection,
modeling, and estimation of spatial dependency among samples (Legendre and Fortin, 1989;
Isaaks and Srivastava, 1989; Liebhold et al., 1993; Rossi et al. 1994). A fundamental theme of
geostatistics is the expectation that, on average, samples close together in time and/or space are
more similar than those that separate farther apart in space and time (Rossi et al, 1992, 1994;
Liebhhold et al., 1993). Geostatistical methods can describe spatial autocorrelation among sample
data for use in various spatial models. These methods are used to create a model of spatially
correlated random variables and then used to estimate values at unsampled locations. Review of
the theoretical development of geostatistics, procedures and application are presented by Journel
and Huijibregts (1978), Davis (1986), Kemp et al. (1989), Legendre and Fortin (1989), Schotzko
and O'Keeffe (1989), Rossi et al. (1992) and Liebhold et al. (1993).
The variogram (also known as semivariogram), spatial covariance and correlogram are three
(essentially equivalent) methods of measuring the degree and spatial length of autocorrelation
used in geostatistics (Isaaks and Srivastava, 1989; Liebhold et al., 1993). A semivariogram is a
commonly used geostatistical technique to model spatial dependence of a spatial variable.  The
semivariogram plots a sample semivariance (estimated as one half of the average squared
difference between data values at the same separation distance) against distance between sample
pairs for all possible separation distances (Fig. 1). The semivariogram is computed as:
173
where  is the estimated semivariogram value for lag h, N(h) is the number of pairs of points
separated by distance h, z(xi) are the sampled value at their respective locations xi. The
semivariogram values can be computed either as averages over all directions (an omnidirectional
or isotropic semivariogram) in which case the lag measure is scalar, or be specific to a particular
direction (a directional or anisotropic semivariogram) in which case the lag measure is a vector
(Isaacs and Srivastava, 1989; Rossi et al., 1992; Liebhold et al, 1993).
Fig. 1. A typical semivariogram / variogram.
The shape of the plot defines the type of spatial dependence and the range of the spatial
dependence. Typically, the semivariogram values are small for low values of h, increase with
increasing distance, and then usually level off or become constant after some distance (Liebhold
et al., 1991; Rossi et al., 1994). These features are known as the structure in a semivariogram and
they reflect the average degree of similarity or dissimilarity between samples. There are several
key semivariogram parameters (see figure above) including the sill (value of the semivariance
when it levels off, which equal to the estimated variability in the response), the range (distance at
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which spatial independence is reached), the lag (distance between sample pairs), and the nugget
(defined by the y-intercept) (Liebhold et al., 1993; Liebhold and Sharov, 1998). There are several
commonly used parametric function to models semivariograms data, including spherical,
Gaussian, exponential, linear, power, and wave (hole-effect) model (Isaaks and Srivastava, 1989;
Cresse, 1993; Jian, et al. 1996). The fitted semivariogram model is used to estimate values at
unsampled locations (known as kriging estimate techniques).
Kriging is a method of interpolation that is based on a model fit to the variogram. Kriging
techniques use weighted linear combinations of the sample data to estimate point or block data,
i.e., point kriging in which the values of a parameter is determined in the target point, and block
kriging in which the average value for some domain (block) is calculated. The only difference
between block kriging and point kriging are that estimated points is replaced by a block.
Ordinary kriging (Isaaks and Srivastava, 1989; Liebhold et al., 1993) refers to estimation
techniques using the theoretical variogram and covariograms. Ordinary kriging finds the best
linear unbiased estimator for the point to be estimated.  If z*(x0) is the value to be estimated at
location x0, z(xi) are the sampled value at their respective locations, and λi are the weights (which
depend on the degree of correlations among sample points and estimated point) to be given to
each sample value, then an ordinary kriging is
The estimator must also minimize the mean-square error. To accomplish this, positive definite
matrices need to be built from the values of a model that is fit to the experimental variogram (or
covariance or correlogram) points. Positive definiteness is a necessary condition in order to insure

























that there is a single solution to the set of simultaneous equations and that estimation variance is
positive. The theoretical models described above are definite models so that experimental
variograms can be modeled appropriately.
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